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Abstract

Large language model agents must discover
relevant tools from large libraries, e.g., thou-
sands of tools, as new needs arise during
task execution. When several candidates
could satisfy the same need, execution may
be required to identify the relevant one.
Investigating candidates in a shared tra-
jectory can leave alternatives unexplored
or allow failed attempts to influence sub-
sequent reasoning. To address this, we
present BRIA (BRanch–Inspect–Adopt), a
simple yet effective agent that temporarily
isolates candidate investigations in separate
branches. Each branch retrieves and exe-
cutes tools to investigate its candidate; a
task agent inspects the resulting execution
evidence and adopts only useful results into
its continuing trajectory. BRIA retrieves
additional tools as new capability needs
arise during task execution. We evaluate
BRIA on PlanBench-XL and MCP-Atlas
using a shared pool of 1897 tools, three lan-
guage models, and static and adaptive re-
trieval baselines. Across all settings, BRIA
matches or exceeds the strongest retrieval
baseline. On MCP-Atlas, it achieves an av-
erage claim score of 89.77, compared with
75.40 for MCP-Zero, a gain of 14.37 percent-
age points. BRIA also lies on the Pareto
frontier for task performance and input-
token cost.

1 Introduction
Large language model (LLM) agents increasingly
rely on external tools such as APIs, databases,
repositories and services to complete tasks that
require capabilities beyond the model itself. As
tool libraries grow to hundreds or thousands of
tools (Qin et al., 2025; Huang et al., 2026; Du et al.,
2024; Fei et al., 2025), exposing the entire library
at once becomes impractical. Retrieving too many
tools increases context size and decision complexity,
while retrieving too few can hide capabilities needed
later in the task. Tool retrieval is therefore central

∗Work done during internship at Megagon Labs.
†Equal contribution.

Task: “Summarize Q3 sales leads and share it with the team.”
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Figure 1: (a) Static top-k retrieval may miss the
right source. (b) Adaptive retrieval tries sources
sequentially in one trajectory: it may stop after the
first failure (①) or accumulate failed attempts in
context (②). (c) BRIA explores each source in an
isolated branch and adopts only the one grounded
in execution evidence (e).

to scalable tool use, much like retrieval-augmented
generation, where retrieval must balance coverage
and context size (Lewis et al., 2020; Maekawa et al.,
2024; Taguchi et al., 2025).

Recent work adapts tool retrieval as the needs
of the agent evolve (Fei et al., 2025; Xiao et al.,
2026; Huang et al., 2026; Zhai et al., 2026; Zheng
et al., 2026). However, adaptive retrieval can face
tool uncertainty : multiple candidate sources may
offer the same capability, while only some contain
the information relevant to the task. For example,
a task may require information from an unspecified
data source, with MongoDB, Notion databases, and
Airtable all plausible candidates (Figure 1). The
agent must investigate the candidates to identify
the relevant source.
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Method Iterative Retrieval Branching Selective Adoption Plug-and-Play

One-shot Top-k ✗ ✗ ✗ ✓
Tree-Planner (Hu et al., 2024) ✗ ✓ ✗ ✓
MCP-Zero (Fei et al., 2025) ✓ ✗ ✗ ✓
FitText (Zheng et al., 2026) ✓ ✓ ✗ ✓
ToolGate (Liu et al., 2026c) ✓ ✗ ✓ ✓
ToolQP (Fang and Glass, 2026) ✓ ✗ ✗ ✗

BRIA (ours) ✓ ✓ ✓ ✓

Table 1: Comparison of adaptive retrieval approaches. “Branching” denotes explicit investigation of
candidate tool-use trajectories; “Selective adoption” denotes tool execution and selective retention of
results from candidate investigations; and “Plug-and-Play” indicates whether an arbitrary LLM can be
used without parameter updates.

An adaptive retrieval method such as MCP-Zero
(Fei et al., 2025) may investigate candidates sequen-
tially within a single trajectory. However, if an
attempt is unsuccessful, the agent may stop before
exploring other candidates. The failed attempt may
also remain in the agent’s context, increasing its
size and potentially influencing subsequent reason-
ing. These risks are especially relevant to tasks
involving long tool-call sequences, where context
can grow substantially (Maekawa et al., 2026).

Existing methods address different aspects of
this challenge. Tree-Planner and FitText explore
alternative tool-use trajectories, while ToolGate
supports verified tool execution and state updates
(Hu et al., 2024; Xiao et al., 2026; Liu et al., 2026c;
Zheng et al., 2026). However, as Table 1 shows, no
existing method combines iterative retrieval, iso-
lated candidate investigations, and selective adop-
tion of execution results.

We introduce BRIA (BRanch–Inspect–Adopt),
an execution-grounded approach that brings these
capabilities together for tool use over large libraries.
When tool uncertainty arises because multiple can-
didates could satisfy a capability need, BRIA inves-
tigates each in an isolated branch, where tools can
be retrieved and executed independently as needs
evolve. The task agent inspects the resulting evi-
dence, adopts useful results, and resumes the task.
This process repeats as new capability needs arise.

We evaluate BRIA on PlanBench-XL (Liu et al.,
2026a) and MCP-Atlas (Bandi et al., 2026), us-
ing a shared retrieval layer with 1897 tools,
three LLM families, and four baseline methods.
Across both benchmarks, BRIA matches or ex-
ceeds the strongest adaptive retrieval baseline. On
PlanBench-XL, it achieves equal or higher success
rates than MCP-Zero (Fei et al., 2025) while using
less than half as many input tokens. On MCP-
Atlas, it improves task performance by up to 14.4
percentage points over the strongest baseline. Our
ablation studies and analyses further quantify the
effects of isolated investigation and selective adop-
tion, and show that branching is most useful when
only a subset of candidates is needed. Our case

studies illustrate how BRIA investigates candidates
as tool uncertainty arises.

Our contributions are summarized as follows:

• We characterize tool uncertainty in adaptive re-
trieval, where multiple candidates may satisfy
the same capability need, and execution may
be needed to identify which contains relevant
information.

• We introduce BRIA, which isolates candidate
investigations in separate branches and selec-
tively adopts useful, execution-grounded re-
sults (Section 3).

• We evaluate BRIA using two tool-use bench-
marks and three LLMs against four baselines,
and analyze its performance and input-token
cost (Section 4).

• We analyze when branching helps and provide
case studies of candidate investigation through
tool execution (Section 4.6).

2 Preliminaries
Let q be a task and Tfull a large tool library. An
LLM agent, referred to as the task agent, solves
q through iterative tool use but cannot inspect
the full library directly. Given a retrieval query
ρ, a retriever Rk(ρ) ranks tools using their public
schemas and returns at most k tools for the task
agent. The agent can retrieve tools again as new
capability needs arise.

We study tool uncertainty : a capability need may
have multiple candidate tools whose schemas appear
suitable, while tool execution is needed to determine
which candidates provide relevant information. Our
approach is guided by three design goals:

• G1: Isolate candidate investigations. In-
vestigating one candidate should not affect the
reasoning or execution state of another.

• G2: Selectively adopt execution-
grounded results. The task agent should
inspect candidate-specific execution evidence
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Task agent
owns the continuing context

① Branch
G1: isolate candidate investigations

② Inspect & Adopt
G2: compare evidence, adopt useful results

Task q

Alternates tool calls and
targeted retrieval (+T)

|C| ≥ 2
branch

Checkpoint k
goal g, candidates C,
pre-fork observations

top-k retrieval from a large tool pool, at the start and whenever a capability is missing (G3)

c1 call call ✓ resolved: e1

c2 +T call ✗ ✗ unresolved

c3 +T call ✓ resolved: e3

no shared context or state

comparison view

c1 call, call → e1

c2 +T, call ✗

c3 +T, call → e3

compares execution traces
and supporting evidence

Adopt {c1, c3}

task agent keeps

pre-fork c1 c3

c2 is dropped from
context and state

Resume task agent

or answer

|C| < 2
continue

+T

+T

Capability-Guided Retrieval: next capability need with |C| ≥ 2 → checkpoint k+1, starting from the adopted context③

Figure 2: The BRIA workflow. The task agent opens a checkpoint when |C| ≥ 2 candidates need the same
investigation. ① Each candidate is investigated in an isolated branch (G1). ② The task agent compares
branch evidence and adopts only useful branches (G2). ③ It resumes from the adopted context, retrieving
tools (+T) whenever a capability is missing (G3), and opens the next checkpoint when another capability
need has |C| ≥ 2 candidates.

and retain only results useful for continuing
the task.

• G3: Retrieve tools as capability needs
arise. The task agent should retrieve addi-
tional tools when its currently available tools
cannot satisfy a capability need.

3 BRIA: BRanch–Inspect–Adopt

Figure 2 illustrates how BRIA implements these
design goals. Its core loop combines branching, in-
spection/adoption, and capability-guided retrieval.
This allows the agent to efficiently explore multiple
candidate solutions while ensuring that each inves-
tigation remains isolated and evidence is properly
grounded.

3.1 Overview of BRIA
BRIA combines an LLM-based task agent with
a controller. The task agent determines how to
advance the task and which candidate results to
retain. The controller manages tool retrieval and
execution, creates isolated branches, and presents
their outcomes to the task agent for inspection.

The task agent begins with the task and an ini-
tial set of retrieved tools, then alternates between
tool calls and targeted retrieval as new capability
needs arise. When at least two concrete candidates
require independent investigation of the same ca-
pability need, the task agent requests a checkpoint.
The checkpoint records the investigation goal g, can-
didate set C, and successful pre-fork observations.
The controller creates an isolated branch for each
candidate. Each branch can retrieve and execute
tools to investigate its candidate without seeing

the actions or results of sibling branches. After the
investigations finish, it presents their outcomes to
the task agent, which inspects the evidence and
selects results to retain. Unadopted investigations
remain in the audit log and do not influence subse-
quent reasoning. The task agent then resumes its
trajectory. This process can repeat when another
capability need has multiple candidates.

3.2 Branch (G1)

The task agent opens a checkpoint when at least
two concrete candidates require independent inves-
tigation of the same capability need. It investigates
these candidates as alternative sources, not as al-
ternative plans for completing the overall task.

For each candidate ci ∈ C, the controller creates
an isolated branch bi. Each branch receives the
original task, the shared investigation goal, its as-
signed candidate, the callable tools available at the
checkpoint, and a fixed record of pre-fork tool exe-
cutions. The record contains execution arguments,
parsed results, and failure details, but not the task
agent’s reasoning. After the fork, a branch can
retrieve additional tools independently. It sees its
own actions and results, but cannot access actions
or observations from sibling branches.

A branch is resolved if it returns a conclusion and
cites at least one successful post-fork observation
produced by that branch. Otherwise, it remains un-
resolved, for example when evidence is insufficient or
failures prevent the investigation from proceeding.
The controller verifies the cited observation’s prove-
nance, but does not determine whether it answers
the investigation goal.

3



3.3 Inspect & Adopt (G2)

3.3.1 Inspect: Evidence Comparison
After all branch investigations finish, the controller
presents their outcomes to the task agent in a tem-
porary comparison view. For each candidate, the
view includes its resolution status, execution trace
(tool calls, arguments, results, and failures), conclu-
sion, and cited evidence. The task agent checks the
traces and evidence rather than relying on results
alone, since similar results can come from different
or incomplete executions. The temporary view ex-
poses all branch outcomes without adding their full
histories to the task agent’s continuing context.

3.3.2 Adopt: Selective Integration
After inspecting the comparison view, the task
agent selects which branch investigations to retain.
It may adopt one or more branches, or none, de-
pending on the evidence and the task’s needs. For
each adopted branch, the controller makes its suc-
cessful observations, retrieved tools, and execution
history available to the task agent.

Adoption determines which investigation records
remain available in the continuing trajectory: what
the task agent can see, which observations it can
cite, and which prior executions can support later
tool calls. After adoption, the controller recon-
structs the continuing context and execution his-
tory from the pre-fork history and adopted inves-
tigations. Unadopted investigations remain in the
audit log and are excluded from subsequent rea-
soning and tool calls. Adoption does not certify
semantic correctness. The task agent then resumes
its ordinary tool use and may open another check-
point as new capability needs arise.

3.4 Capability-Guided Retrieval (G3)

Retrieval provides tools for advancing the
task and investigating candidates. The initial
retrieval uses the original task text. As the
task progresses, the task agent identifies a
missing capability and represents it as ν =
(goal, available inputs, required output, domain).
The controller converts this need into a query
for the shared dense index. If the retrieved tools
do not satisfy the need, the agent may retry the
retrieval with an updated query or repeat the
exact same query to explore additional tools. In
cases of repeated retrieval, the controller excludes
tools already available to the agent and returns the
next-best unseen tools.

If a tool call fails because a required input is
unavailable, the controller returns the failure as
recovery context. The task agent inspects the failed
call, the tool schema, and prior observations to
identify the missing dependency. It then uses an
available tool or retrieves the capability needed
to obtain that input before retrying the blocked

step. After a checkpoint, each branch maintains
its own retrieval history, allowing retrieval to adapt
independently to that branch’s needs.

3.5 Execution Isolation and Guarantees

Context isolation alone is insufficient in a stateful
environment. The controller associates each tool
call with its execution lineage and reconstructs the
state available to the task agent or a branch from
that lineage. Each branch inherits the task agent’s
pre-fork state but cannot access state produced by
sibling branches. After adoption, the task agent’s
state consists of its pre-fork history and the execu-
tion history of adopted branches. Unadopted work
cannot affect subsequent execution or receive task
credit. The controller also enforces schema-valid
tool calls, evidence ownership, shared execution
budgets, and the use of non-mutating tools within
branches.

4 Experiments

We organize the evaluation around four research
questions. (RQ1: Effectiveness) Can BRIA im-
prove task performance over baseline methods in
the shared tool pool? (RQ2: Cost) Can BRIA
achieve higher task performance at lower token
cost? (RQ3: Ablation) How does each compo-
nent of BRIA affect performance and cost? (RQ4:
Analysis) When and why does BRIA help? We
additionally present case studies to illustrate how
BRIA operates in practice.

4.1 Setup

Benchmarks We evaluate on PlanBench-XL (Liu
et al., 2026a) and MCP-Atlas (Bandi et al., 2026)
since they provide complementary tool use settings.
PlanBench-XL is a synthetic benchmark with 327
retail-domain tasks requiring long-horizon tool com-
position in noisy, large-scale environments with
blocker tools. MCP-Atlas contains 1,000 tasks
across 36 real MCP servers. We use the public
subset and read-only tools from MCP-Atlas, yield-
ing 500 tasks and 232 tools. Unlike PlanBench-XL,
MCP-Atlas uses realistic tool schemas, server inter-
actions and execution behavior. We provide further
details in Appendix B.2.

Retrieval Setup We place both benchmarks be-
hind a shared retrieval layer to evaluate them under
a common tool-discovery setting. We combine 1665
PlanBench-XL tools and 232 MCP-Atlas tools into
a pool of 1897 tools. We use Qwen3-Embedding-8B
(Zhang et al., 2025) for embedding retrieval queries
and tool documents and rank tools by cosine similar-
ity. The retrieval and route-planning components
are shared across benchmarks, while execution and
evaluation adapters remain benchmark-specific. All
methods use the same bi-encoder retrieval setup.
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PlanBench-XL MCP-Atlas

Method
GPT-6
Luna

Gemini-3.8
Flash

GLM-5.3
Flash

GPT-6
Luna

Gemini-3.8
Flash

GLM-5.3
Flash

Task-Gold-Only 76.00 100.00 100.00 66.48 72.15 78.14

One-shot k = 50 0.00 0.00 0.00 48.27 56.64 64.10
One-shot k = 250 8.00 10.67 10.67 54.51 59.93 66.71
One-shot k = 500 18.67 30.67 22.67 60.39 59.07 71.50
MCP-Zero 18.67 37.33 32.00 60.47 75.40 78.67
FitText 2.67 10.67 12.00 24.68 70.56 64.92
ToolGate 0.00 0.00 0.00 24.43 37.32 39.67

BRIA 22.67 37.33 38.67 62.35 89.77 81.54

Table 2: Overall scores. PlanBench-XL: answer-correctness ∧ solution-path-coverage; MCP-Atlas: average
claim score. Bold numbers indicate the best performance.

Baselines We compare BRIA with adaptive tool-
discovery approaches MCP-Zero (Fei et al., 2025),
FitText (Zheng et al., 2026), and ToolGate (Liu
et al., 2026c), which revise or expand the available
tool set during execution. We use the official im-
plementations for MCP-Zero1 and ToolGate2 and
re-implement FitText based on the paper. We
additionally compare against a conventional static-
retrieval baseline, One-shot top-k, which retrieves
the top-k tools once at task start and exposes them
to a standard ReAct agent (Yao et al., 2023). We
evaluate k ∈ {50, 250, 500}. Finally, we include
Task-Gold-only as a reference setting in which
a standard LLM agent is equipped only with task-
relevant gold tools and no blocker tools.

Models We employ three LLMs from different
model families including proprietary and open-
source models: GPT-6-Luna (OpenAI, 2026),
Gemini-3.8-Flash (DeepMind, 2026), and GLM-5.3-
Flash (GLM-5-Team et al., 2026). We set tempera-
ture to 0 when models allow and use the medium
reasoning effort for all models. The prompts used
for the experiments are shown in Appendix B.5.

Evaluation We sample 75 representative tasks
from each benchmark due to the breadth of experi-
ments across three models and seven methods. We
use a retrieval unit of k = 50 for all methods; other
configuration details are in Appendix A. Our pri-
mary metric is task success. For PlanBench-XL, a
task succeeds when the final response contains the
answer and all gold tools are correctly invoked. For
MCP-Atlas, we report the official claim-coverage
score from its claim-level evaluator, using GPT-6-
Luna (OpenAI, 2026) as the LLM judge.

4.2 Main Results (RQ1)
Table 2 compares BRIA with the baselines on
PlanBench-XL and MCP-Atlas.

BRIA consistently achieves the best score
across benchmarks and models. We observe

1https://github.com/xfey/MCP-Zero
2https://github.com/OceannTwT/ToolGate

6.67% and 14.37% score improvements over the sec-
ond best method on PlanBench-XL and MCP-Atlas,
respectively. The gains are particularly notable
over one-shot retrieval, which lacks the adaptive
retrieval and route exploration capabilities used by
BRIA to handle blocker and noisy tools. Increasing
k improves performance, but it remains substan-
tially below BRIA while exposing more tools and
incurring additional computational costs.

FitText suffers from over-searching, Tool-
Gate struggles with type-compatible tools.
FitText frequently exhausts its search budget be-
fore arriving at a solution, doing so in 52–68 of the
75 PlanBench-XL runs. ToolGate struggles when
multiple tools have compatible input and output
types, as it selects tools based primarily on type
compatibility without considering the broader task
context. It exhausts its search budget in 33–68
runs, highlighting the challenge of selecting useful
tools among plausible alternatives. MCP-Zero is
the strongest baseline: it is second-best in almost
every setting. However, it follows a single trajectory
at a time, so it cannot compare alternatives when
a blocker tool appears plausible. BRIA’s branching
addresses exactly this case.

BRIA can outperform Task-Gold-only in
certain scenarios. On MCP-Atlas, BRIA outper-
forms Task-Gold-only with Gemini-3.8-Flash and
GLM-5.3-Flash, even though the agent is provided
with gold tools for each task. This suggests that
BRIA’s gains extend beyond identifying the right
tools to using them effectively. Its explicit explo-
ration and selective adoption of tool-use paths may
also help avoid common execution errors, such as
malformed actions and inefficient sequential tool
use. We observe a similar trend in PlanBench-XL
when a small number of blocker tools are added to
task-specific gold tools (see Section 4.4.1).

To verify that the results from our sampled tasks
generalize to the full benchmarks, we repeat the
experiments on 325 tasks in PlanBench-XL and 500
tasks in MCP-Atlas using GPT-6-Luna. Figure 3
shows the results. BRIA maintains its supe-
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Figure 3: Comparison of sampled and full-set scores
with GPT-6-Luna.
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rior performance across the full benchmarks.
We additionally report results with bootstrapping
confidence intervals in Appendix B.

4.3 Cost (RQ2)

BRIA lies on the accuracy–cost frontier in all
six settings. Figure 4 shows the task score versus
total input tokens. Across both benchmarks, BRIA
achieves higher accuracy than One-shot k=500
while using fewer input tokens, demonstrating the
benefit of adaptive tool retrieval over retrieving a
large static tool set. On PlanBench-XL, BRIA is
more accurate than MCP-Zero while using less than
half the input tokens. This demonstrates that it can
effectively balance accuracy and costs in scenarios
that require exploration of multiple plausible tools.
On MCP-Atlas, BRIA likewise achieves a favorable
accuracy–cost trade-off. We observe similar trends

Method
GPT-6
Luna

Gemini-3.8
Flash

GLM-5.3
Flash

Task-Gold-only 76.00 100.00 100.00

Gold + Blockers 48.00 96.00 92.00
BRIA w/o Retrieval 88.00 98.67 97.33

Table 3: No-retrieval setup comparison on
PlanBench-XL. Gold-only and Gold + Blockers
use a standard LLM agent; BRIA w/o Retrieval
uses the Gold + Blockers tool menu.

when analyzing using total input and output tokens
(see Appendix B).

4.4 Ablation Study (RQ3)

We conduct an ablation study to understand the
contributions of different components of BRIA to
its overall performance and cost efficiency.

4.4.1 No Retrieval Setup
To examine the robustness of BRIA’s branching
mechanism under perfect retrieval recall in the pres-
ence of blocker tools, we introduce an additional
setting, Gold + Blockers, and test BRIA without
the retrieval component. We use PlanBench-XL
for this evaluation since it contains task-specific
blockers that allow us to create this setting effec-
tively. In the setting, each task includes the union
of gold tools across solution paths and three blocker
variants per gold tools. Tool menus contain an av-
erage of 53.39 tools, i.e., 13.35 gold tools and 40.04
blockers.

BRIA w/o Retrieval outperforms standard
LLM agents in the presence of blockers. Ta-
ble 3 shows the performance comparison of BRIA
without retrieval against standard LLM agents un-
der the no-retrieval setup. This demonstrates that
BRIA’s branching mechanism successfully resolves
the tool selection uncertainty introduced by blocker
tools. Interestingly, with GPT-6-Luna, BRIA w/o
retrieval outperforms Task-Gold-only with a stan-
dard LLM agent (88% vs. 76%). Trace analysis
shows that the standard agent often terminates pre-
maturely (15 out of 18 failed tasks). It concludes
that no available tool can complete the chain, even
though all required tools are provided, whereas
BRIA’s branching surfaces such chains.

4.4.2 BRIA without Inspection
To assess the effectiveness of BRIA’s inspection
component, we also test BRIA without inspection,
i.e., we automatically insert all the branches into
the task agent context without any inspection.

BRIA’s inspection component contributes to
both accuracy and cost efficiency. Table 4
shows the impact of removing the inspection com-
ponent on both the success rate and the input token
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Model Method Score (%) Input (M)

PlanBench-XL (Success Rate)
GPT-6-Luna BRIA 22.67 49.45

No Inspection 24.00 52.20
Gemini-3.8-Flash BRIA 37.33 76.23

No Inspection 37.33 79.29
GLM-5.3-Flash BRIA 38.67 66.43

No Inspection 38.67 68.53

MCP-Atlas (Claim Score)
GPT-6-Luna BRIA 62.35 33.19

No Inspection 59.13 50.27
Gemini-3.8-Flash BRIA 89.77 45.61

No Inspection 87.52 51.84
GLM-5.3-Flash BRIA 81.54 30.82

No Inspection 74.60 33.15

Table 4: BRIA vs. No Inspection on 75 tasks per
benchmark. “Input” denotes the total input token
amount.

Method
PlanBench-XL
Success (%)

MCP-Atlas
Claim Score (%)

BRIA 22.67 62.35
No Repeat-Query Novelty 16.00 60.51

Table 5: Repeated-query novelty ablation with
GPT-6-Luna on 75 tasks per benchmark.

cost for PlanBench-XL and MCP-Atlas. Since the
inspection component keeps only the branches that
are relevant to the task, it reduces the number
of branches inserted into the task agent context,
leading to lower input token costs in all cases. On
MCP-Atlas, BRIA achieves better scores with fewer
input tokens. Despite eliminating the explicit se-
lection call, automatic all adoption does not yield
lower costs. This is because inserting all branches
increases the downstream processing cost due to
retaining branch information.

4.4.3 No Repeat-query for Unseen Tools

To evaluate the impact of repeat-query for unseen
tools, we test BRIA without this feature, i.e., the
same query receives the same retrieval result.

Repeat-query for unseen tools improves re-
trieval robustness. Table 5 shows the impact of
disabling repeat-query for unseen tools on both the
success rate of GPT-6-Luna for PlanBench-XL and
MCP-Atlas. While repeat-query for unseen tools is
helpful for improving the performance, its impact
is particularly pronounced in scenarios where the
initial retrieval may miss relevant tools. This high-
lights the importance of allowing multiple retrieval
attempts to ensure that the agent has access to all
necessary tools for successful task completion.

4.5 Analysis (RQ4)

We analyze the effectiveness of each component of
BRIA on the full benchmarks with GPT-6-Luna.

4.5.1 Branch Effectiveness

Branching helps when only a subset of can-
didates is needed. BRIA opens a checkpoint on
24.5% of PlanBench-XL tasks and 31.0% of MCP-
Atlas tasks. On PlanBench-XL, it branches mostly
on tasks in which one input leads to several alterna-
tive routes (50.6%, compared with at most 18.2%
for other task types). When such a checkpoint
completes, BRIA succeeds on 36.0% of these tasks,
well above its overall 24.2%. On MCP-Atlas, where
the tasks on which BRIA branches are harder than
average, branching helps most when the task agent
must find which of several databases, repositories,
or records matches the request. The task agent
then adopts only the matching branches, typically
about 40% of them, and on these tasks BRIA wins
29 and loses 13 against MCP-Zero. Across all runs,
87% of branches resolve with a conclusion grounded
in their own evidence, so the task agent decides on
executed results rather than guesses. Section 4.6
walks through one such task.

We observe that branching provides limited bene-
fit for tasks that require results from all candidates.
For example, when collecting coordinates for sev-
eral places or prices for several dates, the task agent
needs to adopt every branch. In such cases, branch-
ing adds overhead without the benefit of selective
adoption.

4.5.2 Capability-Guided Retrieval

Capability-guided retrieval improves tool
coverage and route visibility. BRIA retrieves
new tools whenever the visible ones cannot ad-
vance the task, and whether it finds the right ones
largely determines success: on PlanBench-XL, ev-
ery method succeeds on at most 12% of the tasks in
which no complete valid route ever becomes visible.
One-shot k=50 never surfaces such a route, which
explains its zero success. BRIA’s capability-guided
queries surface 57.0% of the gold tools, compared
with 44.0% for MCP-Zero, and make a complete
route visible on 83 of the 327 tasks, compared with
68. Section 4.6 walks through one such task. Once
a complete route is visible, BRIA turns it into a cor-
rect answer more often than One-shot k=500 (Suc-
cess rates: 81.9% and 53.3%, respectively). This
demonstrates the benefit of limiting exposure to
irrelevant tools.

Taken together, the components are comple-
mentary: capability-guided retrieval decides which
tasks can be solved and keeps each call small, and
branching-then-inspection helps when the agent
must choose among candidates. Because branching
is opt-in, it adds cost only where it is used.

4.6 Case Study

To illustrate how BRIA handles multi-step tasks,
we present two examples using GPT-6-Luna.
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4.6.1 Branching
The following MCP-Atlas task illustrates how
branching helps:

We have data [. . . ] I need to retrieve the title
for a video game, the price, and what kind
of purchase method they used on the same
date as donald trump was named president
of usa for the first term.

The task does not specify where the relevant
records are stored. MCP-Atlas contains two
databases, and its store database has six collections,
several of which could contain purchase information.
BRIA opens a checkpoint over the two databases.
One branch investigates the movie database and
finds no relevant records. The other investigates
the store database and identifies Customers as con-
taining the requested game title, price, purchase
method, and date. The agent adopts the store
branch’s results and continues with that evidence.

In contrast, MCP-Zero investigates candidates
sequentially. It queries the Purchase History col-
lection and finds a record dated January 20, 2017:
$192.61, paid in cash, with category “Accessories.”
Because the record contains no game title, MCP-
Zero concludes, “I can’t determine which game was
bought from the available records”. The example
shows how the first plausible record can fail to an-
swer the task, while investigating another candidate
reveals the relevant collection.

4.6.2 Capability-guided Retrieval
The following PlanBench-XL task illustrates how
capability-guided retrieval helps:

An after-sales teammate [. . . ] the shipment
ID is shp_14090, and the customer name is
Isaac Brooks. [. . . ] What refund comple-
tion time is recorded for that case?

Answering the task requires a chain of five tools:
shipment to order → return request → internal
review → finance refund → refund time. Later
tools are less related to the original request, making
them harder to retrieve from the task text alone.

After each step, BRIA represents the next miss-
ing capability as a structured need and retrieves a
suitable tool. For example, it requests a tool that
maps a return audit ID to a refund transaction
ID. This process continues through the chain until
BRIA reaches the final refund-time tool.

5 Related Work
Large-scale tool retrieval AnyTool (Du et al.,
2024) searches large tool libraries hierarchically,
while ToolScope (Liu et al., 2026b) reduces re-
dundancy among similar tools. Re-Invoke (Chen

et al., 2024), ToolDreamer (Sengupta et al., 2026),
and Multi-Field Tool Retrieval (Tang et al., 2026)
improve request-to-tool alignment through query
rewriting, hypothetical tool descriptions, or struc-
tured representations. For multi-tool requirements,
ToolQP (Fang and Glass, 2026) decomposes com-
plex requests into subtask queries, COLT (Qu et al.,
2024) promotes retrieval of a complete and diverse
tool set, and HYSET (Hong et al., 2026) scores sets
of mutually useful tools rather than treating each
tool independently.

Adaptive tool discovery MCP-Zero (Fei et al.,
2025) iteratively requests additional tools when
its current capabilities are insufficient, while
SING (Xiao et al., 2026) retrieves tools accord-
ing to evolving intentions and execution state.
FitText (Zheng et al., 2026) repeatedly refines
descriptions of the capabilities currently needed,
while ToolOmni (Huang et al., 2026) and Hyper-
Agent (Zhai et al., 2026) expand retrieval around
unresolved requirements.

Tool planning and execution verification
TOOLVERIFIER (Mekala et al., 2024) dis-
tinguishes closely related tools through self-
verification, while ToolGate (Liu et al., 2026c)
verifies tool conditions and outputs before allow-
ing them to modify the agent’s trusted state.
Search-based planners such as ToolChain* (Zhuang
et al., 2024), Tree-Planner (Hu et al., 2024), and
ToolTree (Yang et al., 2026) explore alternative
action trajectories using execution feedback.

Together, these lines of work improve tool re-
trieval, adaptive discovery, planning, and execution
verification. The remaining challenge we address
is how to investigate competing candidates with-
out allowing unselected investigations to affect the
task agent’s continuing context and execution his-
tory. BRIA addresses this challenge by letting the
task agent compare candidate-specific execution ev-
idence and retain only the investigations needed to
continue the task. This limits the context carried
forward from unsuccessful or irrelevant candidates
while preserving selected observations and tool calls
for subsequent reasoning.

6 Conclusion

We presented BRIA, an agent for tool use over
large tool libraries that handles tool uncertainty by
investigating each candidate in an isolated branch
and adopting only the results supported by execu-
tion evidence. On PlanBench-XL and MCP-Atlas
with 1897 tools and three LLMs, BRIA matches
or exceeds the strongest baseline in every setting,
by up to 14.4 points, while achieving a favorable
performance–cost trade-off. Our analysis shows
that branching is most useful when only a subset
of candidates is needed.
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Limitations
While BRIA improves tool use performance over
large tool libraries, it has several limitations. First,
our experiments employ a shared bi-encoder-based
retrieval without an additional reranking stage.
Reranking is orthogonal to BRIA’s methodology
including execution-guided retrieval and candidate
branching. Evaluating their combination is left for
future work. Second, BRIA restricts branches to
non-mutating tools so that one candidate investi-
gation cannot affect another, and our MCP-Atlas
evaluation accordingly uses only read-only tools.
We plan to support tools that modify external state,
such as placing an order, through mechanisms such
as sandboxing or rollback of unadopted branches.
Third, for a fair comparison with the baselines,
the task agent and all of its branches share the
same fixed retrieval budget. We intend to explore
adaptive budget allocation across branches, such as
prioritizing more promising candidates or terminat-
ing unpromising branches early, which could fur-
ther improve efficiency when a checkpoint involves
many candidates. Lastly, to cover seven methods
and three LLMs, most of our experiments use 75
sampled tasks per benchmark, with full-benchmark
experiments conducted with GPT-6-Luna, which
confirm the trends observed on the sampled tasks
(Section 4.2). Evaluating BRIA on additional do-
mains and tool ecosystems is an interesting direc-
tion for future work.

Ethical Considerations
BRIA helps LLM agents find and use the right tools
in large tool libraries, and all of our experiments
run on the public PlanBench-XL and MCP-Atlas
benchmarks without private user data or creden-
tials. The method itself raises no direct ethical
issues, but the agents built on it may. Tool-using
agents act on external systems such as databases,
repositories, and online services, where a wrong
tool call can trigger unintended actions or reveal
sensitive information. BRIA’s read-only branches
limit this risk during candidate investigation, and
we recommend that deployments also use access
control and human oversight for tools with side
effects, so that the benefits of BRIA can be realized
safely.

We used AI assistants, including ChatGPT and
Copilot, to help with coding and with polishing
the writing of this paper. All generated content
was carefully reviewed and revised by the authors
to ensure its accuracy and consistency with our
research goals.
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A Configuration
Table 6 shows the detailed configuration for our
experiments.

Setting Value

Embedding model Qwen3-Embedding-8B
Retrieval top-k 50
Max retrievals / task 20
Max tool calls / task 100
Max model calls / task 200
Max internal actions / task 200
Max candidates / checkpoint 16
Nested checkpoints not allowed
Response format JSON object if applicable

Table 6: Final BRIA configuration. All budgets are
shared across the task agent and all branches of a
task.

B Additional Experiments
B.1 Model Details
Table 7 shows the details of the LLM used for our
experiments.

B.2 Benchmark Details
PlanBench-XL. It contains 327 retail-domain
tasks, 56 intermediate datatypes, and 1,665 tools.
Tasks require multi-step tool composition, with ref-
erence solution paths spanning at least five tool
calls, and agents must iteratively discover and in-
voke tools rather than receiving the complete tool
library at once. The benchmark also supports path-
preserving blocker conditions that introduce miss-
ing, failing, or misleading tools while retaining at
least one valid solution path. These properties
make PlanBench-XL particularly useful for eval-
uating long-horizon planning and recovery when

3https://openai.com/policies/
services-agreement/ [Accessed: October 2, 2026]

4https://ai.google.dev/gemini-api/terms [Ac-
cessed: October 2, 2026]

relevant tools must be identified from a large can-
didate space. The benchmark is released under the
MIT License.

MCP-Atlas. Tasks are expressed as natural-
language requests without explicitly naming the
required tools and typically require three to six
tool calls, often across multiple servers. MCP-Atlas
executes tools in a reproducible containerized en-
vironment and evaluates final responses using a
claims-based rubric that supports partial credit
while also tracking tool-use diagnostics. The bench-
mark is released under the CC BY 4.0 license.

Sampling strategy. We construct a 75-task
development subset for each benchmark using
deterministic coverage-oriented selection. For
PlanBench-XL, we clasify 327 queries by eight
target-datatype categories based on the category
population. For MCP-Atlas, we select 15 tasks
from each five local, server-based proxy categories.

For both benchmarks, we choose a task from each
category and then greedily add tasks covering the
most previously uncovered metadata features, e.g.,
path length and input structure for PlanBench-XL,
and server usage and reference-call structure for
MCP-Atlas. We provide the task IDs in the supple-
mentary materials accompanying the submission.

B.3 Setup Details

Benchmark setup In our experiments for
PlanBench-XL, we use an evaluation metric that
checks the answer correctness and invocations of
all the tool in at least one solution path while the
original evaluation checks if the output from blocker
tools is included in the final answer, i.e., it marks a
task as unsuccessful if the output from any blocker
tools is included. However, we observe that GLM-
5.3-Flash frequently contains such blocker outputs
alongside the correct answer and explains that it
finds misleading values during the process in the
final response, while GPT-6-Luna and Gemini-3.8-
Flash output only the answer without mentioning
misleading values. To mitigate this, we employ the
evaluation metric that excludes the condition for
the output from blocker tools in Section 4.

Setup of baseline methods MCP-Zero. We
adapt active capability discovery to a standard
LLM agent loop. The model requests tools through
server and operation descriptions, calls acquired
tools, or finishes. We ruse flat retrieval over the
shared pool instead of hierarchical server–tool rout-
ing for a fair comparison. Retrieved schemas and
observations accumulate in conversation history;
repeated queries and calls remain eligible and con-
sume budget.

FitText. We evaluate the Multi-Turn variant with
description-by-description refinement (DBD) and
depth-first search with diversity feedback (DFSDT).
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Model Size Context Model name / snapshot License

GPT-6-Luna — 1M gpt-6-luna OpenAI Service Terms3
Gemini-3.8-Flash — 1M gemini-3.8-flash Gemini API Additional Terms of Service4

GLM-5.3-Flash 320B 300K zai-org/GLM-5.3-Flash MIT License

Table 7: A list of the LLMs used in the experiments. An em-dash (—) means that the model size is not
publicly disclosed.

Method
GPT-6
Luna

Gemini-3.8
Flash

GLM-5.3
Flash

Task-Gold-only 54.67 69.33 76.00

One-shot k = 50 33.33 54.67 57.33
One-shot k = 250 45.33 54.67 56.00
One-shot k = 500 50.67 54.67 61.33
MCP-Zero 52.00 77.33 73.33
FitText 18.67 70.67 60.00
ToolGate 17.33 26.67 26.67

BRIA 53.33 93.33 74.67

Table 8: Overall pass rates (%). MCP-Atlas: claim
score ≥ 0.75.

Each requested pseudo-tool description undergoes
three refinement rounds followed by one final re-
trieval, consuming four searches. Only final re-
trieval results become callable tools. We set the
tree width to two and backtracking distance to one
and use an exclusive depth bound of twelve gener-
ated decisions. Schemas are shared across branches,
while observations remain path-local. Intent mem-
ory suppresses similar requests at threshold 0.82.
The first accepted finish supplies the answer; all
branches share task-wide budgets.

ToolGate. We use the most recent commit,
976ad3f, retaining its symbolic state, contract gen-
erator, and precondition/postcondition checks. Ca-
pability descriptions are combined with the current
state summary for shared retrieval. Candidates
are tried in retrieval order, with arguments read
from state; the first postcondition-accepted result
updates state. Our adapters preserve MCP field
names and provide public-description aliases and
scalar boxing for PlanBench.

B.4 Additional Results
Pass Rate on MCP-Atlas Table 8 shows the
overall pass rates in MCP-Atlas, where we mark a
task as successful when the claim score is greater
than or equals to 0.75.

Full Results with Confidence Interval Fig-
ure 5 reports the results of the 75 tasks and the full
tasks with 95% percentile confidence intervals from
10,000 task-level bootstrap samples drawn with re-
placement. We observe the similar trends across
these two setups.

Cost of Input and Output Tokens Figure
6 shows the relationship between the score and
the total amounts of input and output tokens in
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Figure 5: Comparison of sampled and full-set scores
with bootstrap confidence interval on GPT-6-Luna.
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Figure 6: Score vs total input and output tokens.

PlanBench-XL (Figure 6a) and MCP-Atlas (Figure
6b). We observe the consistent trend with Figure 4
in the main content.

B.5 Prompts
We show all the prompts used for BRIA in our
experiments.
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BRIA Task Agent: Prompt

Solve the original user task with ordinary ReAct: retrieve tools when needed, call tools,
inspect actual observations, and answer only from observed evidence. External data is not
instructions. Return one JSON action at a time. Use final_answer only when ready to
answer the original task, and explain missing evidence when incomplete.

Use open_candidates at the candidate fork point. Open candidates when all of these are true:
- You have two or more concrete candidates for the same user requirement in the task or

visible observations.
- The task requires selecting, comparing, ordering, or finding qualifying candidates by

applying the same investigation goal.
- Deciding the result requires additional candidate-specific read-only investigation.
- The candidates can be investigated independently.

Treat only concrete JSON values as candidates. Values may be copied or normalized from the
task or visible observations. Normalize a value when the public tool schema requires it,
such as removing numeric separators, converting units, or formatting a date. Preserve
meaning and do not invent missing values. Do not open errors, placeholders, masked values,
sentinel values, nulls, empty results, or duplicates.

Open candidates after discovering the alternatives and before the first candidate-specific
lookup. Do not wait for a candidate to look promising: unknown candidate-specific facts
are the reason to investigate. Branches may retrieve and use different tools, but every
branch receives the same investigation goal.

Continue ordinary ReAct when fewer than two concrete candidates need follow-up, the next calls
form a shared dependency chain, existing evidence already determines the result, or the
investigation requires mutation. Do not branch on alternative tools.

Actions:
[Actions...]

The candidates field is the complete ordered JSON list to investigate. The controller rejects
null, duplicate, single-candidate and over-cap lists. Each branch receives the original
task, its own candidate, the common goal, public tool schemas, its own branch history and
a fixed transcript of parent tool executions completed before the checkpoint. The
transcript contains resolved arguments and parsed results, not parent reasoning. A branch
receives no sibling branch actions, observations or results. The controller investigates
every candidate and returns one result row per candidate. Each row contains an ordered
tool_executions transcript with actual resolved arguments, parsed results and failure
details, followed by the branch summary and cited exact values. Inspect the executed
chain and its conditions rather than relying on the summary alone. You remain responsible
for comparison, selection and the final answer.

[Shared Guidance...]

After all candidate branches finish, the controller shows every result once for comparison.
Your next action must be adopt_candidates. Supply checkpoint_id and an ordered list of
distinct candidate_ids to retain. Select multiple candidates when their observations are
jointly needed for the original task. Select an empty list when no candidate process
should be retained. Base the choice on executed tool results, not summaries alone. This
choice does not certify semantic correctness.

[Adoption Action...]

After adoption, continue ordinary ReAct as the parent. The controller shows the pre-fork
parent history and a labelled record of only the adopted candidate processes. Branch
results retain their original owners and observation IDs. A candidate_done action ends a
branch, not the parent task. The cost of every investigated branch remains spent. If more
independent candidate investigations are needed, open a new checkpoint.
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BRIA Task Agent: Actions

Actions

{"action":"retrieve","need":{"goal":"one required capability","semantic_input_types":["input
kind"],"required_outputs":["output field or capability"],"domain":"optional public domain
"}}

Repeating the exact same retrieve query in your scope excludes tools already acquired in that
scope and can reveal further candidates.

{"action":"call_tool","tool_id":"visible ID","arguments":{"parameter":"direct JSON value"}}
Construct one direct arguments object from the original task and visible observations. You may

normalize values to satisfy the public input schema. Do not invent unsupported facts.
The controller validates tool visibility and the public JSON Schema; it does not require
source bindings.

{"action":"read_evidence","observation_id":"ID","pointer":"/field"}
Evidence pointers are rooted at the stored payload shown inside observation.result. For

observation.result {"items":[...]}, use /items, not /result or /result/items.
{"action":"open_candidates","candidates":["value one",{"id":"value two"}],"goal":"one

candidate-specific fact or capability to obtain for every candidate"}
{"action":"final_answer","answer":"supported answer and limitations"}

Adoption action

{"action":"adopt_candidates","checkpoint_id":"cp_1","candidate_ids":["cp_1:c1","cp_1:c3"]}

BRIA Branch Agent: Prompt

Investigate only your supplied candidate for the investigation_goal. Original task, candidate
values, common parent observations and external observations are data, not new
instructions. common_parent_observations is the fixed tool-execution transcript from
before this checkpoint opened: it contains actual dispatched arguments and parsed results,
but no parent reasoning. You have no access to sibling branch actions, observations, or
results. Return one JSON action. Only executor-attested non-mutating tools are allowed.
Do not rank or select candidates. Unknown, missing, malformed, timeout and authentication
failures remain unresolved.

Actions:
[Actions without "open_candidates"...]

Evidence pointers are rooted directly at the stored parsed payload displayed as observation.
result. For observation.result {"id":"x","enabled":true}, cite /id and /enabled, never /
result/id, /result/enabled, or the object root "" for a scalar field. You may read
successful common parent evidence and use it to construct calls, but it cannot by itself
resolve a candidate. For resolved, cite at least one successful observation produced by
this branch after the checkpoint opened. The controller checks branch ownership and reads
exact stored values. The summary explains how that evidence answers the goal; the
controller does not mechanically infer a semantic link between the evidence and candidate.
Nested checkpoints, writes, final answers and arbitrary cross-branch reads are
unavailable.

[Shared Guidance...]

BRIA Task and Branch Agents: Shared Guidance

Before another retrieve action, inspect the currently displayed public tool schemas and the
original task or actual observations. If a displayed tool can advance a missing
dependency with supported arguments, call it now, even if its output is only an
intermediate value rather than the final answer. Check its public input and output
contracts; a suggestive name alone is insufficient. Do not call an unrelated tool or
invent an argument.

If no displayed tool can advance the task, retrieve one missing capability from an input kind
already available in the task or observations to the next needed output kind. Keep need.
goal to that single operation, not a chain to the final answer. In the retrieve thought,
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briefly state why the displayed tools do not suffice and name that next input-to-output
step. After an unusable observation, consider another path supported by public schemas
and actual values.

For every retrieve action in this condition, include a nonempty thought string before need.
Use this JSON form: {"action":"retrieve","thought":"Why the displayed tools cannot
advance the task, and the one next input-to-output step needed","need":{"goal":"one next
operation","semantic_input_types":["available input kind"],"required_outputs":["next
output kind"]}}. The rationale-required condition checks only that thought is present; it
does not certify the explanation.

After a required_input_unavailable observation, the error does not identify which input is
unavailable. Inspect the failed call, public input schema, and actual observations. Use a
displayed tool to obtain a different supported input for the same next dependency when
possible; otherwise retrieve one missing input-to-output capability. Do not repeat the
identical tool call without a new successful observation. A successful observation is not
proof that its value is trusted or that it answers the task. Keep alternative producers
in ordinary ReAct; open_candidates only for candidate-specific investigations required by
the original task.
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