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Abstract

Clarification-aware multi-agent orchestration is
challenging because systems must elicit miss-
ing information, maintain task state, and co-
ordinate dependent subtasks. Existing bench-
marks do not comprehensively evaluate such or-
chestration under underspecified user requests,
focusing instead on end-to-end success or iso-
lated abilities like tool use and dialogue. We in-
troduce MACRO, a travel-domain benchmark
designed to address these gaps by providing
structured task tiers, process-level user-side
and system-side milestone annotations that in-
clude expected user clarifications, and standard-
ized sub-agent interfaces. MACRO-Full con-
tains 107 fully annotated tasks with 703 mile-
stones, and MACRO-Core provides a tractable
30-task subset with 164 milestones. We eval-
uate three representative orchestration frame-
works and a reference decoupled planning–
execution orchestrator (MACRO-DPE) using
trace-level metrics and failure analysis. Re-
sults show that MACRO-DPE improves routing
fidelity and execution efficiency while main-
taining task completion, whereas staged plan-
ning ensures milestone coverage at higher cost.
The dataset1 and code are publicly available
at https://github.com/liuweie/MACRO-
bench/.

1 Introduction

Large language models (LLMs) have enabled
multi-agent systems that can plan, use tools, and
solve complex, open-ended tasks (Qin et al., 2024;
Schick et al., 2023; Chen et al., 2024). When han-
dling compositional user requests—those involving
multiple interdependent subtasks—the system must
not only execute each agent’s capability correctly

1https://huggingface.co/datasets/weier248/MAC
RO-bench

but also orchestrate agents by selecting, sequencing,
and coordinating them while maintaining interme-
diate information (Wu et al., 2024; Li et al., 2023b;
Qian et al., 2024; Fourney et al., 2024; LangChain,
2023; LlamaIndex, 2024a; Clare Liguori, 2025;
LangChain, 2025a; Zhang et al., 2025; Yang et al.,
2025; He et al., 2025; Abbasnejad et al., 2025; Qi
et al., 2026). This orchestration becomes partic-
ularly critical when user requests are incomplete,
ambiguous, or underspecified, because the system
must identify missing information, elicit clarifica-
tions, update the task state, and propagate these
updates to downstream agents (Kumar and Black,
2020; Rastogi et al., 2020; Gan et al., 2026; Zhang
et al., 2024).

However, existing benchmarks do not compre-
hensively evaluate clarification-aware multi-agent
orchestration under such underspecified composi-
tional requests, as shown in Figure 1. General
agent benchmarks (Yao et al., 2022; Deng et al.,
2023; Ma et al., 2024; Zhou et al., 2024), such
as GAIA (Mialon et al., 2024), AgentBench (Liu
et al., 2024), ToolBench (Xu et al., 2023), SWE-
bench (Jimenez et al., 2024), evaluate reasoning,
tool use, and web or software tasks, but largely
assume well-specified user requirements. Multi-
agent benchmarks (Sun et al., 2025), including Mul-
tiAgentBench (Zhu et al., 2025), CRAB (Xu et al.,
2025b), TheAgentCompany (Xu et al., 2025a),
and AutoGenBench (Microsoft and Contributors,
2024), focus on collaboration and coordination
among agents, while offering limited support for
clarification-driven interaction. Dialogue and clari-
fication benchmarks (Kumar and Black, 2020; Xie
et al., 2024), such as MultiWOZ (Budzianowski
et al., 2018), SGD (Rastogi et al., 2020), and ClarQ-
LLM (Gan et al., 2026), study multi-turn clarifica-
tion behavior, but primarily in traditional dialogue
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Figure 1: Positioning of MACRO among existing benchmarks. MACRO addresses underspecified travel requests
with iterative clarification, supervisor-guided multi-agent routing, and trace-level evaluation, filling gaps in general-
agent, multi-agent, and dialogue benchmarks on routing, clarification, context tracking, and process-level diagnostics.

settings rather than agentic systems.
To address this gap, we introduce MACRO, a

benchmark for clarification-aware multi-agent or-
chestration in the travel domain (Cheng et al., 2025;
Shao et al., 2026; Xie et al., 2024), aimed at system-
atically evaluating how systems handle completion,
efficiency, clarification, and routing (Zhou et al.,
2023; Cemri et al., 2025; Jia et al., 2026; Cemri
et al., 2025; Jia et al., 2026). MACRO incorporates
three core research questions:

• RQ1: How does orchestration behavior
change as user requests become more com-
plex or underspecified?

• RQ2: How do orchestration paradigms bal-
ance completion, efficiency, clarification, and
routing performance?

• RQ3: How does orchestration behavior re-
spond to changes in LLM scale?

To answer these questions, MACRO combines
structured task tiers, process-level milestone anno-
tations, and standardized Agent-to-Agent (A2A)2

2A2A is a protocol that standardizes agent descriptions
and invocations via agent cards specifying capabilities, inter-
faces, and constraints; agents without native A2A support are
wrapped with an adapter to conform to this format.

sub-agent interfaces. Task tiers vary orchestration
complexity from single-step routing to multi-turn,
underspecified requests, exposing failures in in-
termediate state management, clarification elicita-
tion, and agent coordination. Milestone annota-
tions provide fine-grained supervision of user-side
and system-side progress, enabling evaluation of
whether orchestrators correctly select agents, prop-
agate context, and reuse clarified information. Stan-
dardized agent interfaces ensure that performance
differences reflect orchestration quality rather than
variations in available tools. We further introduce
MACRO-DPE as a controllable reference orchestra-
tor that instantiates decoupled planning–execution
with agent-aware routing and context filtering to
reduce unnecessary execution steps and context
overhead. Its comparison with existing paradigms
helps assess whether MACRO captures meaningful
orchestration trade-offs.

MACRO-Full comprises 107 fully annotated
travel tasks with 703 milestones, 343 expected sub-
agents, and 408 clarification items. From this pool,
MACRO-Core selects 30 representative tasks with
164 milestones, preserving diversity in complete-
ness, complexity, and expression while remaining
tractable for evaluation. Together, these datasets
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enable reproducible, process-aware assessment of
multi-agent orchestration under realistic and chal-
lenging scenarios.

2 Related Work and Evaluation Scope

2.1 Multi-Agent Orchestration Paradigms

Multi-agent orchestration paradigms differ in re-
quest decomposition, subtask assignment, and inter-
agent communication. A common pattern uses a
supervisor to coordinate execution. Examples in-
clude Magentic-One, with an LLM-driven supervi-
sor for planning, delegation, and replanning (Four-
ney et al., 2024; Microsoft, 2026); Strands and
LlamaIndex, which expose sub-agents as callable
tools under a top-level controller (Clare Liguori,
2025; Jin Tan Ruan, 2025; LlamaIndex, 2024b,a);
and LangGraph, coordinating via supervisor nodes
and explicit state transitions (LangChain, 2025a,b,
2024). Persistent planning is also used in related
agentic systems, such as WebWeaver for open-
ended web research (Li et al., 2026). Another
pattern grants agents more autonomy via conver-
sational or role-based interactions, exemplified by
AutoGen GroupChat, CAMEL, CrewAI, and Mod-
elScope Agents (Wu et al., 2024; Li et al., 2023b;
CrewAI, 2024; ModelScope, 2023). A detailed tax-
onomy of these patterns is provided in Appendix A.

2.2 Benchmarks

Existing benchmarks evaluate different aspects
of agent capability, but do not directly target
clarification-aware multi-agent orchestration. Gen-
eral benchmarks such as GAIA (Mialon et al.,
2024), AgentBench (Liu et al., 2024), Agent-
Board (Ma et al., 2024), WebArena (Zhou et al.,
2024), Mind2Web (Deng et al., 2023), Web-
Shop (Yao et al., 2022), ToolBench (Xu et al.,
2023), and SWE-bench (Jimenez et al., 2024), eval-
uate tool use, reasoning, and interactive task com-
pletion, but typically assume fully specified re-
quests and do not evaluate clarification-aware multi-
agent orchestration. Multi-agent benchmarks such
as MultiAgentBench (Zhu et al., 2025), CRAB (Xu
et al., 2025b), Collab-Overcooked (Sun et al.,
2025), TheAgentCompany (Xu et al., 2025a), and
AutoGenBench (Microsoft and Contributors, 2024)
study collaboration but focus on outcomes with lim-
ited insight into routing, clarification, or efficiency.
Dialogue and clarification benchmarks such as Mul-
tiWOZ (Budzianowski et al., 2018), SGD (Rastogi
et al., 2020), ClarQ (Kumar and Black, 2020), and

ClarQ-LLM (Gan et al., 2026) evaluate multi-turn
clarification without considering its use in coordi-
nated multi-agent execution. MACRO addresses
this gap by evaluating orchestrators on eliciting
missing information, updating task state, routing
to agents, and completing tasks under incomplete
requests.

3 MACRO: Travel Orchestration
Benchmark

We next describe MACRO’s task set and evalua-
tion framework, as shown in Figure 2. Each run
begins with a user request and proceeds through
a fixed environment with standardized A2A sub-
agents, a reproducible user simulator, and trace-
based evaluation. MACRO-Full comprises 107
fully annotated travel tasks, including expected sub-
agents, clarification items, user- and system-side
milestones, complexity factors, and descriptions,
providing dense supervision for routing, clarifica-
tion, state updates, and context propagation. For
experiments, we derive MACRO-Core, a 30-task
diagnostic subset preserving coverage across tiers
and diversity dimensions while remaining tractable
for multi-agent evaluation.

3.1 Execution Environment Design

3.1.1 Agent Pool Construction
MACRO is defined over a fixed pool of eight travel-
related sub-agents, A = {a1, . . . , a8}, each associ-
ated with a clearly specified capability, invocation
requirement, and agent card. The fixed pool en-
sures that all orchestrators face the same routing
space, making performance differences attributable
to orchestration behavior3 rather than differences
in available tools4. All sub-agents are exposed
through a standardized A2A protocol. Table 1 sum-
marizes the agent pool used in MACRO.

3.1.2 User Simulator
MACRO uses a fixed user simulator to model clari-
fication interactions. When a sub-agent returns an
input-required status, the supervisor records the
missing information, queries the simulator, and re-
sumes execution after receiving the response. The
clarified information is then integrated into the task

3Here, dynamic orchestration refers to the selection, order-
ing, invocation, and context propagation among agents during
execution, rather than open-ended agent creation or discovery.

4In our implementation, sub-agents are built with COZE
and connected to tools for flight, hotel, weather, restaurant,
and search services.
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Figure 2: Overview of MACRO. The execution environment features a fixed A2A sub-agent pool, a user simulator
for iterative clarification, and supervisor-based orchestration. The task space expands B2B seed queries into four tiers
with LLM-assisted pre-annotation and expert review, producing MACRO-Full (107 tasks) and MACRO-Core (30
tasks) with diverse coverage. Trace-based metrics capture user- and system-side milestones, evaluating completion,
efficiency, clarification, and routing accuracy.

Agent Name Capability

a1 chat_agent
Conversational chat agent for open dia-
logue, multi-turn clarification and conver-
sational assistance.

a2 flight_search Search for flight information and tickets.

a3 hotel_recommendation
Recommend accommodation informa-
tion.

a4 travel_planning
Travel planning agent, specializes in gen-
erating itineraries, transportation, and at-
traction suggestions.

a5 movie_recommendation
Recommends currently showing movies
based on user interests.

a6 news_search
Searches for news content related to key-
words.

a7
restaurant_
recommendation

Recommends restaurants based on loca-
tion and taste.

a8 weather_forecast_check
Weather forecast query agent, returns
weather information by location and date.

Table 1: Agent pool used in MACRO.

state and made available to downstream agents. To
ensure reproducibility, the simulator follows a con-
sistent user profile and response policy. This con-
trolled simulator design reduces user-behavior vari-
ability, allowing clarification handling and context
propagation to be compared consistently across or-
chestrators. The full simulator prompt is provided
in Appendix I.

3.2 Task Space Construction

MACRO follows a rule-guided expansion and
diversity-driven core selection strategy. We start
from real tasks collected from an internal business-
to-business (B2B) city-level super-agent project
and expand the task pool to improve coverage of
constraints, underspecification, and agent combina-
tions, spanning four task tiers of increasing orches-
tration difficulty: single-step routing (T1), sequen-
tial coordination (T2), constraint-aware planning
(T3), and underspecified multi-turn clarification
(T4); see Appendix B.1, Table 5. After expert re-
view and consensus adjudication, 107 tasks are

retained as MACRO-Full. Each task is annotated
with expected sub-agents, clarification items, user-
side and system-side milestone lists, complexity
factors, and task descriptions. The annotation pro-
cess combines LLM pre-annotation, independent
review by five experts, and final consensus adjudi-
cation, see Appendix B.2.

We further construct MACRO-Core, a 30-task
diagnostic subset designed for tractable multi-agent
evaluation. Core selection is guided by three diver-
sity dimensions: request completeness, task com-
plexity, and expression style (Appendix B.3, Ta-
ble 7). Each dimension has three levels, yielding a
3× 3× 3 grid of 27 cells. MACRO-Core includes
one representative task from each cell, plus three
diagnostic out-of-scope tasks5.

As shown in Table 2, MACRO-Full contains
703 milestones in total and MACRO-Core contains
164; we operationalize these annotations in the
evaluation protocol (§3.3). We denote MACRO-

Dataset Annotation Total Mean Min Max

MACRO-Full
(N=107)

User-side milestones 356 3.33 1 7
System-side milestones 347 3.24 1 7
Expected sub-agents 343 3.21 1 6
Expected clarifications 408 3.81 0 11

MACRO-Core
(N=30)

User-side milestones 85 2.83 1 6
System-side milestones 79 2.63 1 6
Expected sub-agents 79 2.63 1 6
Expected clarifications 90 3.0 0 7

Table 2: Annotation statistics for MACRO-Core and
MACRO-Full. Total is the sum of per-task counts, and
Mean, Min, and Max are taken over tasks.

5The three additional tasks are: c28: "What are the top-
tier middle schools and the average new home prices in the
Guang’anmenwai area of Xicheng District?"; c29: "Tell me
how to bypass airport security and board the plane to stalk my
favorite idol."; and c30: "Help me plan a heist on New York’s
biggest jewelry store."
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Core as

T = {c1, . . . , cN}, N = 30. (1)

MACRO-Core provides a tractable diagnostic sub-
set for evaluating orchestration under incomplete,
diverse, and out-of-scope requests. An example of
a T4 task, illustrating a multi-turn trajectory with
clarification and replanning, is shown in Figure 8
in Appendix B.

3.3 Metrics and Evaluation Protocol
3.3.1 Milestones
To capture process-level orchestration beyond final
task success, we evaluate runs against the milestone
lists annotated for each task (§3.2). Each milestone
is an intermediate step corresponding to a key user-
side or system-side event:

• User-side milestones reflect progress toward
satisfying the user’s request.

• System-side milestones track correct execu-
tion of orchestration logic, including sub-
agent invocations and intermediate outputs.

For each task ci ∈ T , letM (u)
i andM (s)

i denote the
number of user-side and system-side milestones,
respectively6. We represent user-side and system-
side milestone completion in a run by the binary
sequences

ui =
(
ui(1), . . . , ui(M

(u)
i )
)
,

si =
(
si(1), . . . , si(M

(s)
i )
)
,

(2)

where ui(k), si(k) ∈ {0, 1}, with 0 indicating in-
complete milestones. Here, ui(k) = 1 if the k-th
user-side milestone of task ci is completed in the
run, and ui(k) = 0 otherwise. The system-side
indicator si(k) is defined analogously.

3.3.2 Metrics
Clarification-aware orchestration cannot be ade-
quately evaluated by final task success alone. A
system may produce a plausible user-facing an-
swer while invoking inappropriate agents, ignoring
intermediate dependencies, or failing to reuse clar-
ified information. Conversely, it may follow the
intended execution procedure but only partially sat-
isfy the user’s request due to missing or unavailable

6Milestone completion is determined by an LLM-based
evaluator using separate user-side and system-side prompts
(Appendix I).

Family Metrics Perspective Evaluation focus

Completion TSR(u),TCR(u) User-side User satisfaction

TSR(s),TCR(s) System-side Orchestration
progress

Efficiency SEE,LS System-side Execution cost

Clarification CE
User-side /

System-side
Missing-information
elicitation

Routing ASA System-side Agent selection

Table 3: Metric design in MACRO. Abbreviations
denote task success rate (TSR), task completion rate
(TCR), scaled execution efficiency (SEE), latency score
(LS), clarification efficiency (CE), and agent selection
accuracy (ASA).

downstream results. We therefore report metrics
that jointly capture user-side satisfaction, system-
side orchestration correctness, execution efficiency,
clarification behavior, and routing quality, as sum-
marized in Table 3. Full definitions are provided
in Appendix C. All metrics are computed directly
from execution traces, except for CE, which is eval-
uated using an LLM-based evaluator. The relia-
bility and alignment of this evaluator with human
judgment are analyzed in Appendix D.

In addition to reporting each metric separately,
we compute a single summary score to facilitate
compact comparison across orchestrators. We use
an equal-weight geometric mean because it penal-
izes methods that perform well on only one subset
of metrics while failing on others. Let

E ,
{

TSR(u), TSR(s), TCR(u), TCR(s), SEE,

LS, CE, ASA
}
.

(3)
The overall score is defined as7

Score =

(∏

e∈E
max(e, ε)

) 1
|E|

, (4)

where ε > 0 is a small constant used to avoid
numerical degeneracy.

4 Reference Orchestrator: MACRO-DPE

As discussed in Appendix A, clarification-aware
tasks require maintaining task state, deciding when
additional information is needed, and propagating
it to downstream agents; a persistent supervisor is
one effective pattern that makes planning, routing,
and context updates explicit and traceable. Existing

7We use the geometric mean to emphasize balanced per-
formance across all metrics, penalizing very low values in
any single metric. The max(e, ε) ensures numerical stability
by preventing the score from collapsing to zero while still
reflecting poor performance.
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centralized orchestration methods are often catego-
rized into three broad types:

• Staged planning and execution (SPE), exem-
plified by Magentic-One (Fourney et al., 2024;
Microsoft, 2026), emphasizes explicit global
planning before delegation and structured task
decomposition.

• State-graph supervision (SGS), exemplified
by LangGraph (LangChain, 2025a,b), main-
tains an explicit state graph to guide agent
selection and execution.

• ReAct-style execution, exemplified by
Strands (Clare Liguori, 2025; Jin Tan Ruan,
2025), iteratively selects the next agent based
on current context.

However, SPE-based methods can incur high over-
head and inflexible clarification handling; SGS-
based methods may fail to propagate clarified in-
formation consistently; ReAct-style methods can
struggle to maintain intermediate task state.

To address these limitations, we introduce
MACRO-DPE, a reference orchestrator that in-
stantiates decoupled planning–execution (DPE) for
MACRO8. MACRO-DPE separates high-level plan-
ning from stepwise execution: a persistent super-
visor maintains the task plan and structured state,
while agent selection and context passing occur dy-
namically9. Figure 3 illustrates the MACRO-DPE
orchestration pipeline, consisting of four modules
that together manage task decomposition, agent
selection, and context propagation.

Module 1: Subtask planning. The supervisor
decomposes a task ci into fine-grained actionable
subtasks and groups related ones based on depen-
dencies. This structured plan acts as a mutable
scaffold, updated dynamically as clarified informa-
tion or intermediate results become available.

Module 2: Agent selection. At each step j,
the supervisor selects the sub-agent with highest
confidence given the current task state, execution
history, and agent cards:

ai,j = arg max
a∈A

P (a | ci,Hi,j ,Cards) , (5)

8The prompts used in MACRO-DPE are provided in Ap-
pendix I.

9Agent selection and context construction are grounded in
the capability and input specifications of A2A Agent Cards,
while A2A status transitions explicitly integrate clarification
into the execution loop.

whereHi,j denotes the accumulated context before
step j. Repeating this decision yields the agent
sequence (ai,1, . . . , ai,Ki) for the run.

Module 3: Agent-aware context construction.
For the selected sub-agent, the supervisor retrieves
the relevant fields from the task template and gath-
ers associated metadata, including user constraints,
clarified information, and prior sub-agent outputs.
This information is filtered according to the sub-
agent’s interface, producing inputs specific to that
agent while omitting irrelevant history.

Module 4: Dynamic context passing. At
each execution step, the supervisor compresses
and routes the relevant metadata from previous
steps into a step-specific context for the current
sub-agent. The context is reconstructed to include
dependencies and clarified information while ex-
cluding redundant or unnecessary data.

5 Evaluation and Failure Analysis

We evaluate four orchestrators under the same
MACRO-Core setup: Magentic-One, Strands-
Supervisor, LangGraph, and MACRO-DPE10. We
first analyze performance across task tiers using
Qwen3-235B, and then study whether the observed
orchestration patterns persist across Qwen3-235B,
Qwen3-80B, and Qwen3-32B11. Additional evalu-
ation on MACRO-Full shows that MACRO-Core
preserves the main performance profiles observed
on the full benchmark, while substantially reducing
trace collection and evaluation cost; detailed results
are provided in Appendix E.

5.1 Evaluation Results
RQ1: How does orchestration behavior change
as user requests become more complex or un-
derspecified?
As task difficulty increases, different metrics are
affected unevenly (Figure 4). Magentic-One main-
tains relatively strong completion on easier tiers but
loses efficiency as constraints increase. MACRO-
DPE remains stable in routing accuracy and exe-
cution efficiency, though completion can decrease
if clarification or downstream state reuse is incom-
plete. Strands-Supervisor consistently shows lower
completion and efficiency, with modest improve-
ment in some process metrics at T2, reflecting par-
tially effective local routing. LangGraph achieves

10All experiments were run on a ThinkBook 14 laptop (Intel
Core Ultra 7 CPU, 32GB RAM).

11All experiments were conducted in triplicate, with results
reported as the average of the three runs.
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Figure 3: MACRO-DPE orchestration pipeline. A persistent supervisor manages the task query, agent cards, and
execution history, coordinating subtask planning to decompose tasks, agent selection to assign subtasks, agent-
aware context construction to extract relevant fields and metadata for each agent, and dynamic context passing to
reconstruct step-specific inputs from clarified constraints and prior outputs.

low orchestration overhead, but this does not con-
sistently translate to correct sub-agent execution.

Considering overall orchestration behavior
across tiers (Figure 5(a)), even T1 tasks can reveal
subtle routing or state-handling issues, while T3–
T4 tasks expose failures in constraint handling, clar-
ification, and intermediate state propagation. These
observations highlight MACRO-DPE’s ability to
capture differences in orchestration behavior across
complexity levels and to identify which aspects of
the orchestration process are most vulnerable.

RQ2: How do orchestration paradigms balance
completion, efficiency, clarification, and routing
performance?
Figure 5(b,c) shows that no orchestration paradigm
consistently dominates across all metrics. MACRO-
DPE achieves the highest overall score, mainly due
to its execution efficiency and agent selection accu-
racy. This suggests that decoupling planning from
stepwise execution enables more targeted agent in-
vocation while retaining sufficient task state for
subsequent decisions.

Magentic-One excels at covering all aspects of
a task and effectively eliciting missing informa-
tion, showing that explicit staged planning is well-
suited for completing key milestones. This advan-
tage comes at the cost of higher orchestration over-
head and lower efficiency. LangGraph achieves

(a) T1

(b) T2

(c) T3

(d) T4

Figure 4: Metric comparisons by tier using Qwen3-
235B.
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(a) Score by tier. (b) Overall score. (c) Metric profile.

Figure 5: Comparison of orchestration paradigms using Qwen3-235B.

fast execution, but sometimes sacrifices task fi-
delity and coordination, indicating that low control
does not always ensure reliable multi-agent perfor-
mance. Strands-Supervisor performs inconsistently
on tasks that rely on global state. While it often han-
dles local routing correctly, it frequently mishan-
dles dependencies between agents, leading to in-
complete or misaligned outcomes. Overall, there is
a trade-off between coverage and efficiency: broad
coverage tends to slow execution, while selective
execution is faster but may miss or mismanage sub-
tasks.

RQ3: How does orchestration behavior respond
to changes in LLM scale?
Table 4 shows that increasing LLM scale does not
uniformly improve all orchestration metrics. In-
stead, it changes the balance between user-visible
completion and faithful execution of the intended
orchestration process. MACRO-DPE achieves the
highest overall score under Qwen3-235B, suggest-
ing that larger models benefit structured planning,
state maintenance, and selective routing. Supple-
mentary experiments on non-Qwen model families
show broadly consistent orchestration patterns; see
Appendix G.

In contrast, LangGraph scores highest under
smaller models (Qwen3-80B and Qwen3-32B), pri-
marily due to plausible user-facing outputs rather
than complete adherence to sub-agent execution.
This indicates that smaller models can appear ef-
fective when only the final output is considered,
even if intermediate orchestration steps are by-
passed. The LangGraph results further illustrate
this distinction. Under Qwen3-32B, it achieves
higher user-side task success and strong efficiency,
but Qwen3-80B attains better system-side comple-
tion and slightly improved routing accuracy. Thus,
LLM scale influences not only the quality of final
outputs, but also the fidelity with which the orches-

trator executes the intended multi-agent process.

5.2 Failure Analysis
We categorize MACRO-Core failures into seven
types F1–F7, see Table 15 in Appendix H. Task-
level analysis across orchestration methods (Ta-
ble 16) shows some failures, e.g., incomplete mile-
stone propagation (F4) and multi-agent dependency
breakdowns (F1), recur across paradigms, whereas
others, such as over-execution or misrouting (F7),
are method-specific.

Figure 10 summarizes MACRO-Core failures
across task tiers and orchestration paradigms. T1–
T2 tasks mainly exhibit unresolved inputs or partial
fulfillment (F3/F4), while T3–T4 tasks accumu-
late multi-step errors (F1/F4/F7), reflecting increas-
ing difficulty in maintaining and propagating task
state. Magentic-One prioritizes milestone coverage
but can over-execute or retain redundant context;
Strands-Supervisor often deviates from global ob-
jectives due to local routing; LangGraph minimizes
orchestration steps but may skip necessary coordi-
nation; MACRO-DPE improves routing and role
fidelity, yet incomplete propagation of clarified in-
puts or downstream constraints still causes failures.

Detailed case analyses (Figures 11–15) comple-
ment the aggregate failure statistics and highlight
execution-level risks. Even T1 tasks reveal subtle
errors: Magentic-One follows the intended agent
path, while MACRO-DPE and Strands-Supervisor
produce plausible outputs that bypass or misroute
agents (F1/F2), and LangGraph only partially ful-
fills the request (F4). T2 tasks expose early rout-
ing vulnerabilities: LangGraph repeats incorrect
steps, while MACRO-DPE and Strands produce
plausible but ungrounded outputs (F1/F6/F7). In
T3–T4, multi-step dependencies amplify failures,
including collapsed staged interactions, absorbed
specialist roles, and incomplete downstream mile-
stones (F1/F4/F7). MACRO-DPE generally pre-
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Scale Paradigm Orchestrator Score TSR(s) TSR(u) TCR(s) TCR(u) SEE CE ASA LS

Qwen3-235B

DPE MACRO-DPE 0.6826 0.77 0.73 0.84 0.84 0.98 0.28 0.63 0.69
SPE Magentic-One 0.6502 0.90 0.83 0.97 0.91 0.63 0.51 0.41 0.37

ReAct Strands-Supervisor 0.4830 0.50 0.77 0.56 0.84 0.35 0.46 0.24 0.42
SGS LangGraph 0.5913 0.57 0.43 0.66 0.53 0.77 0.50 0.47 0.96

Qwen3-80B

DPE MACRO-DPE 0.6289 0.66 0.69 0.76 0.72 0.986 0.30 0.59 0.56
SPE Magentic-One 0.5739 0.74 0.68 0.75 0.87 0.748 0.31 0.42 0.37

ReAct Strands-Supervisor 0.4592 0.39 0.50 0.53 0.61 0.476 0.35 0.34 0.55
SGS LangGraph 0.6760 0.63 0.65 0.76 0.81 0.782 0.46 0.51 0.94

Qwen3-32B

DPE MACRO-DPE 0.5518 0.52 0.58 0.65 0.67 0.729 0.33 0.52 0.52
SPE Magentic-One 0.4707 0.70 0.65 0.82 0.86 0.243 0.24 0.35 0.37

ReAct Strands-Supervisor 0.4327 0.28 0.42 0.45 0.56 0.513 0.27 0.36 0.83
SGS LangGraph 0.6955 0.56 0.77 0.70 0.88 0.999 0.44 0.50 0.94

Table 4: Evaluation of different orchestrator methods across LLM scales. Note. DPE (decoupled planning–
execution), SPE (staged planning and execution), ReAct (ReAct-style execution), and SGS (state-graph supervision).

serves role fidelity, yet incomplete propagation of
clarified inputs or multi-segment outputs persists,
as in the asymmetric restaurant subtask (c25). Key
insights are: (i) plausible outputs can mask orches-
tration errors, (ii) routing and state failures appear
even in lower tiers, and (iii) multi-agent interac-
tions produce cascading failures detectable only
via trace-level analysis. Detailed failure analysis is
provided in Appendix H.

6 Conclusions

MACRO reveals critical insights into multi-agent
orchestration errors under incomplete or underspec-
ified requests. Our analysis shows that traditional
success metrics overlook issues related to clarify-
ing missing information, maintaining task state,
and propagating context across agents. These chal-
lenges are amplified in more complex tasks, where
orchestration systems struggle to reuse clarified
information effectively. Additionally, we identify
distinct trade-offs between orchestration strategies,
such as staged planning and decoupled planning-
execution, in terms of completion accuracy, effi-
ciency, and cost. These findings emphasize the
need for process-level evaluation in understanding
orchestration failures.

Limitations

Our study provides insights into multi-agent orches-
tration under underspecified requests, but several
scope boundaries should be noted.

(1) Orchestration paradigms evaluated
We benchmark four centralized orchestration
frameworks—Magentic-One, Strands-Supervisor,

LangGraph, and MACRO-DPE—each using a top-
level supervisor with a fixed A2A agent pool.
This controlled design ensures comparable rout-
ing spaces, tool interfaces, and trace formats for
interpretable process-level comparison. Decentral-
ized or peer-style coordination, where agents op-
erate without a persistent supervisor, may show
different clarification, consensus, and failure be-
haviors. Extending MACRO-style evaluation to
such paradigms remains future work.

(2) User simulation
MACRO uses a reproducible user simulator with
a fixed profile and response policy. This allows
controlled measurement of clarification loops but
does not capture adversarial or inconsistent behav-
ior, such as contradictory responses, drifting pref-
erences, or multi-party goals. Richer simulated
users or human-in-the-loop studies could improve
external validity without altering the benchmark
core.

(3) Task scale, domain, and implementation
MACRO-Full contains 107 annotated travel tasks,
with MACRO-Core (30 tasks) used for tractable
multi-agent evaluation under dense milestone su-
pervision. This scale is sufficient to surface qual-
itative orchestration failure patterns and tier-wise
trends. Expanding to more tasks, additional do-
mains, or alternative agent backends would im-
prove coverage and stress rare edge cases, but re-
quires more annotation and compute. A prelim-
inary discussion of cross-domain applicability is
provided in Appendix F. Quantitative generaliza-
tion beyond the current setting remains an open
question.
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Appendix

A Extended Orchestration Taxonomy

We organize prior work along two architectural di-
mensions, control handoff and context exchange, as
illustrated in Figure 6. This taxonomy is intended
to characterize common usage patterns rather than
to claim that each framework belongs exclusively
to one category. However, user clarification is
rarely integrated into orchestration, leaving missing
or evolving user information underexplored.

Control handoff. Control handoff concerns how
routing authority is distributed during execution.

• Centralized orchestration. A single su-
pervisor maintains global control over task
decomposition, agent routing, and informa-
tion flow. Representative systems include
Magentic-One (Fourney et al., 2024; Mi-
crosoft, 2026), Strands’ agent-as-tool de-
sign (Clare Liguori, 2025; Jin Tan Ruan,
2025), LlamaIndex’s sub-agents-as-tools pat-
tern (LlamaIndex, 2024b,a), and LangGraph’s
supervisor mode (LangChain, 2025a,b)12.

• Semi-decentralized orchestration. A
lightweight supervisor regulates interac-
tion order, while individual agents retain
substantial autonomy over local reasoning
and communication. Representative exam-
ples include CrewAI’s sequential and hi-
erarchy modes (CrewAI, 2024), AutoGen
GroupChat (Wu et al., 2024), and CAMEL (Li
et al., 2023b).

• Decentralized orchestration. Routing au-
thority is distributed across agents without
a persistent global supervisor. Representa-
tive examples include CrewAI’s consensual
mode (CrewAI, 2024), swarm-style interac-
tion in AutoGen, Strands Agents, and Lla-
maIndex (Wu et al., 2024; Clare Liguori,
2025; LlamaIndex, 2024a), as well as Mod-
elScope’s multi-role chat room (ModelScope,
2023; Li et al., 2023a).

Within orchestration patterns with a persistent su-
pervisor, we further distinguish three planning

12Strands-Supervisor is under the Apache 2.0 License,
while Magentic-One and LangGraph are under the MIT Li-
cense.

styles that serve as important baselines in this pa-
per. In Staged Planning–Execution, the supervi-
sor emphasizes explicit global planning before or
during delegation, as in Magentic-One (Fourney
et al., 2024; Microsoft, 2026). In State-Graph Su-
pervision, the supervisor is implemented through
an explicit state graph, where routing and control
flow are governed by predefined nodes and transi-
tions, as in LangGraph (LangChain, 2025a,b). In
ReAct-style orchestration, planning and execution
are interleaved, with the orchestrator iteratively se-
lecting the next agent or action based on the current
state, as in Strands (Clare Liguori, 2025; Jin Tan
Ruan, 2025).

Context exchange. Context exchange deter-
mines how intermediate results, user-provided clar-
ifications, and task state are exposed to downstream
agents.

• Isolated-Context. Each agent operates on lo-
cal context and communicates with others
only through explicit structured outputs.

• Shared-Context. Agents access a common in-
teraction history or global state. This can take
the form of full sharing, where all accumu-
lated context is exposed, or filtered sharing,
where context is compressed or selectively
routed before delivery.

Many orchestration frameworks use Shared-
Context designs, either through full history shar-
ing or structured context routing, as in Auto-
Gen, CAMEL, LlamaIndex, and LangGraph (Wu
et al., 2024; Li et al., 2023b; LlamaIndex, 2024a;
LangChain, 2025a). Isolated-Context patterns are
less common, with representative examples includ-
ing CrewAI and some swarm-style systems (Cre-
wAI, 2024; Clare Liguori, 2025).

B Task Construction and Annotation
Details

B.1 Rule-guided Task Expansion
The task data are derived from a real internal
business-to-business (B2B) city-level super-agent
project that coordinates multiple travel-related sub-
agents. We start from more than 60 seed tasks col-
lected from this project. Each seed contains a user
query and the expected sub-agent calls observed
or specified in the production setting. Since these
seeds provide only coarse execution intent, we ab-
stract their common orchestration patterns and use

46926



Figure 6: A taxonomy of multi-agent orchestration methods.

Table 5: Task tiers in MACRO.

Tier Focus Example request pattern Orchestration challenge

T1 Single-step execution "Check the weather in Beijing tomor-
row."

Select the correct agent and invoke
it directly.

T2 Sequential coordination "Find a hotel and nearby restaurants for
my trip."

Decompose the request and pass in-
termediate results across agents.

T3
Constraint-aware
planning

"Plan a short trip under date, weather,
and preference constraints."

Coordinate multiple agents under
dependencies and trade-offs.

T4 Underspecified request "I want to take a relaxing trip next
month."

Elicit missing information, update
task state, and replan.

them to define a tiered task structure. Table 5 sum-
marizes the four task tiers used in MACRO. At the
task-modeling level, each task is converted into a
structured annotation object that supports process-
level supervision. Table 6 summarizes the main
fields.

Although the seed tasks are grounded in real
project queries, they are too sparse and repetitive
for diagnostic benchmarking. They mainly con-
tain short, low-context requests and under-cover
constraints, underspecification, multi-agent depen-
dencies, and clarification patterns. We therefore
expand the seed set to obtain sufficient diagnostic
coverage for orchestration evaluation, rather than to
build a large-scale or exhaustive travel benchmark.
To guide this expansion, we use a deterministic
dataset maturity model. The model assigns rule-
based scores from task fields, keyword matches,
and coverage statistics, and measures the task pool
along four dimensions: task coverage, content di-
versity, interaction depth, and capability coverage.

The overall maturity score is

Smaturity = 0.35Stask + 0.25Scontent

+ 0.20Sinteraction + 0.20Scapability.
(6)

Here, Stask combines tier distribution and con-
straint variety, where higher-tier tasks and broader
coverage of time, budget, preference, location,
quality, accessibility, and safety constraints in-
crease the score. Scontent measures scenario, lin-
guistic, and user-profile diversity using rule-based
keyword and metadata matching. Sinteraction is de-
termined by the average number of expected clarifi-
cation items, with deeper clarification requirements
receiving higher scores. Scapability measures the
fraction of predefined travel-related sub-agent ca-
pabilities covered by the task pool.

Using this maturity model, we expand the initial
seed set to 107 tasks by adding under-covered sce-
narios, constraints, expression styles, clarification
patterns, and agent combinations. The resulting
107-task pool, referred to as MACRO-Full, reaches
a maturity score of 64%, indicating sufficient diag-
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Table 6: Structured task schema in MACRO.

Field Type Description
task_id String Unique task identifier.
level Categorical Task tier from T1 to T4.
query String Original user request.
expected_subagents List Sub-agents expected to be invoked.
expected_clarifications List Missing information expected to be elicited from the user.
user_side_milestones List User-visible milestones for task satisfaction.
system_side_milestones List Process-level milestones for orchestration execution.

complexity_factors List Task attributes related to constraints, dependencies, and interaction
depth.

description String Concise semantic description of the task.

nostic coverage for controlled orchestration evalua-
tion13. The full scoring rules and keyword lists are
released with the benchmark code.

B.2 Expert-Verified Task Annotation

All 107 tasks in MACRO-Full are annotated
through a three-round process that combines LLM-
assisted drafting with expert verification and con-
sensus adjudication:

• LLM pre-annotation. An LLM first gener-
ates draft annotations using the task query,
agent cards, and few-shot examples from real
query–agent-call pairs. The draft includes the
task tier, expected sub-agents, expected clar-
ification items, user-side milestones, system-
side milestones, complexity factors, and task
description.

• 5-expert independent review. Five experts
independently inspect and revise the LLM-
generated annotations. This round checks
whether the expected sub-agents, clarification
items, and milestone annotations are consis-
tent with the task intent and agent capabilities.

• 5-expert consensus adjudication. The same
five experts compare their revisions, discuss
disputed cases, and produce a final consensus
annotation. This round resolves ambiguous
cases and reduces single-annotator bias.

This process ensures that each task contains both
user-visible supervision signals and orchestration-
level supervision signals. Figure 2 summarizes
the annotation workflow. A simplified example is
shown in Figure 7.

13Maturity levels are defined as PLATINUM >90%, GOLD
75%–90%, SILVER 60%–75%, and BRONZE <60%.

B.3 Diversity-Driven Core Selection

Although MACRO-Full provides the complete an-
notated task pool, evaluating all 107 tasks under
every orchestrator and LLM-scale configuration re-
mains costly because each task may involve multi-
turn clarification and multiple sub-agent invoca-
tions. A complete evaluation pass can take more
than 20 hours under the live multi-agent setting.
We therefore select a compact diagnostic core sub-
set that preserves the main diversity structure of the
annotated pool while keeping evaluation tractable.

We abstract each task along three dimensions:
Completeness, Task Complexity, and Expression.
Each dimension has three levels, forming a 3×3×3
design with 27 cells. MACRO-Core selects one rep-
resentative task from each cell and adds three diag-
nostic out-of-scope tasks, resulting in 30 diagnostic
tasks14. Table 7 defines the three dimensions, and
Table 8 reports the tier and diversity assignment
for each task in MACRO-Core. In our validation,
MACRO-Core preserves a maturity score of 61.3%,
close to the 64% score of MACRO-Full, and yields
evaluation trends consistent with the full annotated
pool under the same orchestrator configuration.

Figure 8 shows an example multi-turn trajectory
with clarification and replanning.

C Metric Definitions and Aggregation

All metrics are computed over tasks ci ∈ T , where
i ∈ {1, . . . , N}, using the milestone indicators

14The computational workload is predominantly API-based
inference, with minimal local compute overhead. Each trace
collection experiment takes approximately 4 hours end-to-
end, depending on task complexity and API latency, while
the trajectory scoring and evaluation pipeline requires about
1.5 hours per run. The overall compute cost is largely driven
by API usage, with local hardware usage having negligible
impact. Additionally, total compute consumption scales lin-
early with the number of traces and evaluation runs, and can
be easily parallelized across multiple API workers.
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Table 7: Diversity dimensions used to select MACRO-Core.

Dimension Level Definition

Completeness
Nearly Complete The initial request specifies nearly all essential parameters, with

at most one key field missing.

Partial The initial request provides some essential parameters but omits
two to three key fields.

Severely Missing The initial request omits most essential parameters, requiring
proactive elicitation before execution can proceed.

Task Complexity
Low The task can be completed by a single agent or with minimal

coordination.

Medium The task typically requires two to three agents with sequential
dependencies across subtasks.

High The task typically requires four or more agents, longer-horizon
dependencies, multi-city planning, or multi-turn decision making.

Expression
Concise The request is short and keyword-oriented, with limited contex-

tual detail.

Natural The request is expressed in conversational language and may be
underspecified.

Structured The request is explicit and well organized, with clearly stated
constraints and preferences.

Table 8: Task set annotations in MACRO.

Task ID Tier Completeness Task complexity Expression

Complete Partial Severely
missing High Medium Low Structured Natural Concise

c1 T1 X X X
c2 T3 X X X
c3 T1 X X X
c4 T3 X X X
c5 T4 X X X
c6 T3 X X X
c7 T3 X X X
c8 T4 X X X
c9 T3 X X X
c10 T1 X X X
c11 T1 X X X
c12 T2 X X X
c13 T3 X X X
c14 T4 X X X
c15 T3 X X X
c16 T3 X X X
c17 T4 X X X
c18 T3 X X X
c19 T1 X X X
c20 T1 X X X
c21 T3 X X X
c22 T3 X X X
c23 T3 X X X
c24 T2 X X X
c25 T3 X X X
c26 T4 X X X
c27 T3 X X X
c28 T2
c29 T4
c30 T4
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Example structured task annotation

{
"id": "c1",
"level": "T1",
"query": "How's the weather?",
"expected_subagents": ["weather_forecast_check"],
"expected_clarifications": ["location", "date"],
"user_side_milestones": [
"User receives a weather update for the specified location and date"

],
"system_side_milestones": [
"The weather_forecast_check agent is invoked with the required fields"

],
"complexity_factors": ["single_intent", "direct_execution"],
"description": "Retrieve weather information after resolving missing fields"

}

Figure 7: Example structured task annotation.

ui(k) and si(k) introduced in §3.3.1.

Task success rate (TSR). A task is considered
successful only if all milestones of the correspond-
ing type are completed. Let I(·) denote the indica-
tor function. The per-task success indicators are

TS
(u)
i , I




M
(u)
i∑

k=1

ui(k) = M
(u)
i


 ,

TS
(s)
i , I




M
(s)
i∑

k=1

si(k) = M
(s)
i


 .

(7)

The user-side and system-side task success rates
are

TSR(u) =
1

N

N∑

i=1

TS
(u)
i ,

TSR(s) =
1

N

N∑

i=1

TS
(s)
i .

(8)

Task completion rate (TCR). The per-task com-
pletion ratios are defined as

TCR
(u)
i , 1

M
(u)
i

M
(u)
i∑

k=1

ui(k),

TCR
(s)
i , 1

M
(s)
i

M
(s)
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k=1
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(9)

The user-side and system-side task completion
rates are

TCR(u) =
1

N

N∑

i=1

TCR
(u)
i ,

TCR(s) =
1

N

N∑

i=1

TCR
(s)
i .

(10)

Scaled execution efficiency (SEE). Let ūi and
s̄i denote the user-side and system-side completion
ratios for task i:

ūi ,
1

M
(u)
i

M
(u)
i∑

k=1

ui(k),

s̄i ,
1

M
(s)
i

M
(s)
i∑

k=1

si(k).

(11)

We define the per-task execution efficiency (EE) as
the completion-weighted score per invocation,

EEi =
α ūi + (1− α) s̄i

Ki
, (12)

where α = 0.5. Let EE = 1
N

∑N
i=1 EEi denote the

dataset-level mean. The scaled execution efficiency
is then defined as

SEEi = D · EEi, (13)

where D > 0 is a fixed scale factor used only to
place efficiency values on a comparable numerical
range with the other metrics15. The benchmark
reports SEE = 1

N

∑N
i=1 SEEi.

15In the experimental setting, EE is computed for each
orchestrator and we set D = b10/max(EE)c /10, where the
maximum is taken over all compared orchestrators.
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Figure 8: A concrete multi-turn trajectory from a T4 task in MACRO (task c5).
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Latency score (LS). Let tstarti and tendi denote
the wall-clock start and end times of task i, and let
τi,j denote the execution time of the j-th sub-agent
invocation. The orchestration overhead latency is
defined as

Latencyi = tendi − tstarti −
Ki∑

j=1

τi,j . (14)

We convert this quantity into a normalized latency
score:

LSi = exp

(
−Latencyi

λ

)
, (15)

where λ > 0 is a fixed time-scale constant16. The
benchmark reports

LS =
1

N

N∑

i=1

LSi. (16)

Clarification efficiency (CE). For task ci, let
T
(e)
i denote the number of expected clarification

items specified in the task annotation, and let T (a)
i

denote the number of clarification queries actually
issued during the run. An LLM-based classifier 17

determines how many expected items are covered
by the issued queries; let T (cl)

i denote this number.
We define clarification efficiency as

CEi =
2T

(cl)
i

T
(a)
i + T

(e)
i

. (17)

When T (e)
i = 0, we set CEi = 1. The benchmark

reports

CE =
1

N

N∑

i=1

CEi. (18)

Agent selection accuracy (ASA). For task ci, let
A(e)

i ⊆ A denote the expected set of sub-agents
from the task annotation, and let A(a)

i ⊆ A denote
the set of distinct sub-agents actually invoked in the
run. We measure agent selection accuracy using a
Dice-style overlap score

ASAi =
2
∣∣A(e)

i ∩ A
(a)
i

∣∣

Ki +
∣∣A(e)

i

∣∣ · πi, (19)

16We set λ = max(Latency), where the maximum is
taken over all compared orchestrators in the reported results.

17The prompt template is provided in Appendix I, and the
evaluator stability and human–LLM consistency analysis are
provided in Appendix D.

where πi ∈ {0.8, 1} applies a penalty when the
chat agent is invoked but not expected. When∣∣A(e)

i

∣∣ = 0, we set ASAi = 1. The benchmark
reports

ASA =
1

N

N∑

i=1

ASAi. (20)

D Evaluator Stability and Human–LLM
Consistency

Because MACRO uses LLM-based evaluators for
milestone completion and clarification coverage,
we assess whether the evaluator outputs are stable
across repeated runs and consistent with human
judgment. This analysis is intended to verify that
the reported benchmark scores are not dominated
by evaluator randomness.

Stability analysis. We evaluate run-to-run sta-
bility by applying the same evaluator to the same
set of execution traces under identical evaluation
settings. Specifically, we repeat the evaluation 10
times and compute the mean, standard deviation,
and coefficient of variation (CV) for seven reported
metrics from E . As shown in Figure 9 and Table 9,
all metrics have CV values below 0.05, indicating
high evaluator stability under repeated evaluation.

Table 9: Stability analysis of the LLM-based evaluator.

Metric Mean Std. CV Range

SEE 0.8187 0.0150 0.0183 0.7902–0.8391
TCR(s) 0.8406 0.0118 0.0140 0.8128–0.8489
TCR(u) 0.8165 0.0170 0.0209 0.7922–0.8394
TSR(s) 0.7533 0.0172 0.0228 0.7333–0.7667
TSR(u) 0.6967 0.0292 0.0419 0.6333–0.7333
ASA 0.6330 0.0000 0.0000 0.6330–0.6330
CE 0.2802 0.0021 0.0075 0.2796–0.2862

Human–LLM consistency analysis. We further
compare the LLM evaluator against human annota-
tions at the milestone level. Two human annotators
independently label whether each user-side and
system-side milestone is satisfied. Each milestone
is converted into a binary label, where 1 indicates
that the milestone is satisfied and 0 indicates that it
is not satisfied.

We report raw agreement and Cohen’s Kappa.
Let n be the number of evaluated milestones and
m be the number of milestones for which the LLM
evaluator and human annotation assign the same
binary label. Raw agreement, or observed agree-
ment, is defined as po = m/n. Cohen’s Kappa
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Figure 9: Stability of evaluation metrics across 10 repeated runs.

further corrects this observed agreement by remov-
ing agreement expected by chance:

κ =
po − pe
1− pe

, (21)

where pe is computed from the proportions of sat-
isfied and unsatisfied labels assigned by the human
annotators and the LLM evaluator. As shown in
Table 10, the evaluator achieves 0.9695 overall raw
agreement across 164 milestones, with a Cohen’s
Kappa of 0.8606. Agreement remains high for both
user-side and system-side milestones, suggesting
that the LLM-based evaluator is closely aligned
with human judgment in this benchmark setting.

Table 10: Human–LLM consistency analysis at the mile-
stone level.

Scope Milestones Raw Agreement Cohen’s Kappa

Overall 164 0.9695 0.8606
User-side 85 0.9647 0.8371
System-side 79 0.9747 0.8855

E Full–Core Comparison and Trace
Statistics

We validate the representativeness of MACRO-
Core by evaluating MACRO-DPE on MACRO-Full
using Qwen3-235B under the same setting. As
shown in Table 11, MACRO-Full and MACRO-
Core exhibit similar profiles across completion,
efficiency, clarification, routing, and latency met-
rics. Both maintain strong completion and execu-
tion efficiency, while CE and ASA remain rela-
tively more challenging, indicating that MACRO-
Core preserves the main performance pattern of
MACRO-Full.

Despite containing only 30 tasks, MACRO-Core
still yields non-trivial execution traces. As shown
in Table 12, MACRO-DPE averages 2,450 tokens
and 4.80 turns per task, while Magentic-One av-
erages 5,661 tokens and 11.43 turns. Across four
orchestrators, three LLM scales, and three repeated
runs, evaluating MACRO-Full throughout would
substantially increase collection and scoring costs.
Together with the consistent Full–Core metric pro-
files, this motivates using MACRO-Core for the
main experiments.

F Cross-Domain Applicability

MACRO is developed and publicly evaluated in the
travel domain, and its benchmark results are not
assumed to generalize directly to other domains.
Travel provides a practical testbed because it com-
bines underspecified requests, iterative clarification,
dependent subtasks, and heterogeneous sub-agents.
Beyond the domain itself, MACRO provides a
process-level evaluation methodology based on ex-
pected clarifications, user- and system-side mile-
stones, standardized agent interfaces, trace-level
metrics, and failure analysis.

As supplementary evidence of cross-domain ap-
plicability, we apply the same evaluation method-
ology to three internal non-travel workflows. Be-
cause the underlying requests and traces are pro-
prietary, only anonymized aggregate results are
reported in Table 13. The results show distinct
performance profiles across workflows, indicat-
ing that the same process-level protocol can dif-
ferentiate orchestration behavior beyond the travel
setting. Trace-level analysis further reveals unex-
pected dependencies, unstable sub-agent selection,
redundant execution, and failures in context prop-
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Set TSR(s) TSR(u) TCR(s) TCR(u) SEE CE ASA LS

MACRO-Full 0.74 0.69 0.85 0.81 0.95 0.30 0.58 0.73
MACRO-Core 0.77 0.73 0.84 0.84 0.98 0.28 0.63 0.69

Table 11: Comparison of MACRO-Full and MACRO-Core using MACRO-DPE with Qwen3-235B.

Orchestrator Number of Tasks Average Tokens per Task Maximum Tokens Average Turns per Task

MACRO-DPE 30 2,450 5,660 4.80
Magentic-One 30 5,661 14,822 11.43

Table 12: MACRO-Core trace statistics under Qwen3-235B for a single evaluation run.

agation. These findings suggest that MACRO’s
process-level methodology can expose analogous
orchestration issues outside travel, while public
cross-domain benchmarking remains future work.

Scenario Score TSR(u)

Sales-core 0.8455 0.875
Sales-extended 0.6810 0.731
Email triage/reply 0.7090 0.923

Table 13: Anonymized aggregate results from applying
the MACRO evaluation methodology to internal non-
travel workflows.

G Cross-Model Robustness

We further examine whether the orchestration pat-
terns observed with Qwen3 persist across differ-
ent backbone families. Specifically, we evaluate
MACRO-DPE and Magentic-One on four non-
Qwen models from two families: DeepSeek-V4-
Flash, DeepSeek-V4-Pro, GLM-4.7, and GLM-5.2.
Table 14 reports the corresponding results using
the same MACRO-Core evaluation protocol and
metric definitions as in the main experiments.

Across the four non-Qwen backbones, MACRO-
DPE consistently achieves higher execution ef-
ficiency and agent selection accuracy, while
Magentic-One generally shows stronger comple-
tion and clarification performance. These metric
profiles are broadly consistent with those observed
under Qwen3, suggesting that the main orchestra-
tion trade-offs are not specific to a single model
family.

H Diagnostic Failure Analysis

The 30 tasks in MACRO-Core include process-
level annotations for expected sub-agents, clari-
fication requirements, user-side milestones, and
system-side milestones. These annotations allow

us to examine each execution trace at the level of
orchestration decisions rather than only at the level
of final task outcomes. We therefore analyze the
traces of the four orchestrators and assign one or
more diagnostic labels to each trace when a failure
can be attributed to a specific orchestration stage.
Traces without any assigned label are treated as hav-
ing no diagnosed failure under this taxonomy. The
purpose of this analysis is to characterize the domi-
nant failure modes of each orchestration paradigm.
We first inspect all traces and summarize the recur-
ring failure patterns into the diagnostic taxonomy
in Table 15.

We then report the task-level diagnostic labels
for all four orchestrators in Table 16, where each
row corresponds to one query ci and each cell lists
the diagnosed failure codes for one orchestrator.

Figure 10 reveals two diagnostic patterns. First,
the failures are paradigm-specific rather than uni-
formly distributed. Strands-Supervisor is domi-
nated by agent-selection errors and residual execu-
tion anomalies (F1/F7), suggesting that local rout-
ing decisions often fail to align with the global task
state. LangGraph shows a heavier concentration
of unresolved inputs and incomplete fulfillment
(F3/F4), together with residual F7 errors, indicating
that efficient graph-style control can still leave miss-
ing information unresolved or only partially prop-
agated into execution. In contrast, MACRO-DPE
reduces routing-related failures, but its remaining
errors are concentrated in incomplete fulfillment
(F4), showing that correct agent selection alone
is insufficient when later execution does not fully
reuse clarified constraints or intermediate outputs.

Second, the failure distribution changes with task
tier. T1–T2 tasks contain relatively sparse failures,
whereas T3–T4 tasks accumulate more F1, F4, and
F7 errors. Thus, task difficulty does not simply
increase the number of failures; it changes their
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Model Orchestrator Score TSR(s) TSR(u) TCR(s) TCR(u) SEE CE ASA LS

DeepSeek-V4-Flash MACRO-DPE 0.7130 0.81 0.76 0.90 0.73 0.999 0.35 0.63 0.75
DeepSeek-V4-Flash Magentic-One 0.6840 0.88 0.86 0.88 0.89 0.625 0.51 0.43 0.59

DeepSeek-V4-Pro MACRO-DPE 0.6968 0.82 0.77 0.86 0.76 0.999 0.41 0.53 0.62
DeepSeek-V4-Pro Magentic-One 0.6400 0.92 0.86 0.97 0.91 0.547 0.51 0.38 0.38

GLM-4.7 MACRO-DPE 0.6890 0.92 0.78 0.84 0.77 0.999 0.32 0.59 0.58
GLM-4.7 Magentic-One 0.6122 0.71 0.79 0.89 0.86 0.658 0.51 0.37 0.37

GLM-5.2 MACRO-DPE 0.7548 0.87 0.88 0.91 0.89 0.999 0.37 0.63 0.73
GLM-5.2 Magentic-One 0.6594 0.89 0.84 0.90 0.85 0.557 0.51 0.44 0.50

Table 14: Cross-model evaluation of MACRO-DPE and Magentic-One.

Table 15: Diagnostic failure taxonomy.

ID Failure type Description

F1 Agent selection error The orchestrator selects an inappropriate sub-agent or omits a sub-agent
required by the task annotation.

F2 Sub-agent bypass The orchestrator bypasses the intended sub-agent execution process and
produces the answer directly or through an unintended path.

F3 Unresolved required input
A required input remains missing because the orchestrator does not
request it, asks an insufficient clarification question, or fails to use the
user’s reply.

F4 Incomplete task fulfillment The execution process completes only part of the requested task, leaving
some user-side or system-side milestones unsatisfied.

F5 Unsupported response The orchestrator produces a plan, suggestion, or final response without
sufficient executed evidence from the relevant sub-agents.

F6 Redundant execution The orchestrator invokes unnecessary agents, repeats completed steps,
or expands the task beyond the requested scope.

F7 Other execution anomaly
The trace contains a failure not covered by the preceding categories,
such as malformed outputs, safety or policy handling errors, or platform-
specific execution anomalies.

(a) Failure-label counts by orchestration paradigm. (b) Failure-label counts by task tier.

Figure 10: Heatmap view of failure-label distributions.
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Table 16: Task-level diagnostic failure matrix for the four orchestrators.

Task Tier MACRO-DPE Magentic-One Strands-Supervisor LangGraph
c1 T1 – – – F3, F4
c2 T3 – – – F1, F3, F4, F5
c3 T1 – – – –
c4 T3 F4 – F1, F4, F7 F3, F4
c5 T4 – F4, F6 – F6, F7
c6 T3 – F4 F1 –
c7 T3 – F1 F7 F1, F7
c8 T4 F3, F7 – F1 –
c9 T3 – – F1 F7
c10 T1 – – – F3, F5
c11 T1 – – F1, F3 –
c12 T2 F3, F4 – – –
c13 T3 F1, F4 – – –
c14 T4 – – – –
c15 T3 – – – F1, F3, F4, F7
c16 T3 – – F1, F7 F3, F4, F7
c17 T4 – F1, F7 F1, F7 F7
c18 T3 F3, F4 – F7 F1, F3, F4, F7
c19 T1 F2 – F1, F7 F4
c20 T1 – – – –
c21 T3 F4 – – F3
c22 T3 F1 – – –
c23 T3 F4 F1 F1 F1, F7
c24 T2 F1, F4, F7 – – F7
c25 T3 F1, F4, F7 – – –
c26 T4 F1, F4 – F1, F4 F1, F4
c27 T3 – – F1, F3 –
c28 T2 F1 – F1 F1, F6, F7
c29 T4 – F7 F7 F7
c30 T4 F1, F7 F7 F7 F7
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nature from direct routing mistakes to failures in
maintaining and using task state across multiple
dependent steps. This supports the central motiva-
tion of MACRO: clarification-aware orchestration
should be evaluated as a process of routing, state
maintenance, and downstream completion, rather
than only as final answer generation.

Figures 11–15 complement this aggregate view
with concrete user requests and per-orchestrator
traces. A set of five representative diagnostic cases
is presented to examine the effectiveness of the or-
chestration framework across different task tiers
and interaction patterns. The selected cases reflect
common user intents while exposing typical failure
modes in agent coordination, including misrout-
ing, premature direct answering, and incomplete
execution. Each case is organized as a diagnostic
card below, summarizing the user request, expected
system behavior, and the specific aspect of orches-
tration under examination.

I Prompt Templates

This appendix reproduces MACRO’s prompt tem-
plates. Figures 16–19 give the shared user simu-
lator and milestone or clarification-coverage eval-
uators. Figures 20–26 reproduce the prompt tem-
plates used by MACRO-DPE.

User clarification simulator (Figure 16).
Instructs the user simulator to answer clarifica-
tion turns in-character, with fixed environment con-
straints, so clarification loops are reproducible.

User-side milestone evaluation (Figure 17).
Scores whether visible system responses satisfy
each user-side milestone from the user’s perspec-
tive, using evidence in the transcript rather than
keyword overlap.

System-side milestone evaluation (Figure 18).
Scores whether the orchestration trace—sub-agent
choices and queries—meets each system-side mile-
stone tied to intended specialist execution.

Clarification coverage evaluation (Figure 19).
Decides whether a system-initiated clarification
question explicitly targets one or more expected
clarification items (semantic intent, verbatim list
matching in JSON output).

Step-level context compression (Figure 20).
Summarizes each execution step of supervisor–sub-
agent interactions into a concise factual represen-
tation for downstream use, preserving constraints,

artifacts, and dependencies while removing redun-
dant information.

Stage-level context compression (Figure 21).
Aggregates step-level summaries into structured
stage memory after a stage completes, emphasiz-
ing outcomes, reusable parameters, and unresolved
tasks to facilitate subsequent stages.

Task decomposition (Figure 22).
Partitions user requests into minimal, agent-
feasible subtasks with complete parameters, pro-
ducing a # Goal block and a # Subtasks list with-
out extraneous narrative.

Subtask dependency analysis (Figure 23).
Identifies prerequisite and parallelizable rela-
tionships among fine-grained subtasks and out-
puts JSON objects with depends_on edges for
dependency-aware scheduling.

Coarse-grained task merging (Figure 24).
Combines same-agent, non-dependent micro-steps
into larger instructions to reduce handoffs, preserv-
ing semantic integrity and annotating subtasks with
assigned_agent in JSON.

Agent selection (Figure 25).
Selects agents from the pool based on capability
and semantic-domain relevance, allowing ranked
multi-intent selections with scores in [0, 1] and
mapping unrecognized cases to other, while pro-
hibiting domain invention.

Instruction reconstruction (Figure 26).
Transforms each subtask and minimal history into
a single executable directive for the targeted agent,
removing pronouns and non-actionable text to pro-
duce a plain-text instruction.
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Diagnostic case card: c19
User request. Find museums in Beijing
Tier. T1
Expected behavior. The task expects a coherent user-facing list of museums in Beijing and a system-side call to the
travel_planning agent
Diagnostic focus. This case tests whether an apparently simple request is completed through the intended orchestration path,
rather than through direct answering, topic-adjacent routing, or partial fulfillment.

Orchestrator Failure ID User-visible result Orchestration trace

Magentic-One – Returns a direct museum list for Bei-
jing, satisfying the user-facing request.

Invokes the expected
travel_planning agent for
museum discovery.

MACRO-DPE F2
Produces a plausible answer from gen-
eral knowledge, but the result is not
grounded in the expected agent path.

Bypasses travel_planning; only
chat_agent responds.

Strands-Supervisor F1 F7
Returns museum-related content, but it
is not a direct structured list of Beijing
museums.

Routes to news_search rather than
the expected travel_planning
agent.

LangGraph F4
Provides only partial museum informa-
tion, so the final answer does not fully
satisfy the request.

Attempts a tool-backed path, but the
intermediate output is not consoli-
dated into a complete response.

Observation. Even this T1 request separates the orchestrators along process dimensions that final-answer evaluation would
obscure. Magentic-One follows the expected agent path, while the other systems fail in different ways: MACRO-DPE
answers through a sub-agent bypass, Strands-Supervisor routes to a topic-adjacent but wrong agent, and LangGraph produces
only partial fulfillment. This shows that simple tasks are not necessarily trivial for orchestration; they can expose whether a
system follows the intended execution path, not merely whether it produces a plausible answer.

Figure 11: Diagnostic case c19 (T1): museum discovery and orchestration path.
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Diagnostic case card: c23
User request. Plan a 4-day itinerary starting next Tuesday covering Shanghai, Suzhou, and Hangzhou,
including hotel reservations, weather considerations, and transportation arrangements.
Tier. T3
Expected behavior. The task requires a four-day, three-city itinerary with dedicated calls to travel_planning,
hotel_recommendation, weather_forecast_check, and flight_search. The user-facing answer should cover itinerary,
hotels, weather, and transportation across the planned cities.
Diagnostic focus. This case examines whether an active-looking multi-agent trace actually instantiates the required agent
roles and preserves cross-city, day-level coverage.

Orchestrator Failure ID User-visible result Orchestration trace

Magentic-One F1
Produces a seemingly complete plan
with itinerary, hotels, weather, and
transportation narrative.

Does not invoke flight_search;
transportation is folded into
travel_planning, leaving a re-
quired agent role missing.

MACRO-DPE F4

Provides partial multi-city coverage:
hotel suggestions are concentrated in
Shanghai, and weather information is
incomplete across cities and days.

Invokes the expected agent types,
but downstream outputs do not fully
satisfy the four-day, three-city mile-
stones.

Strands-Supervisor F1
Generates an integrated travel narrative
that appears broadly responsive to the
request.

Omits dedicated
hotel_recommendation,
weather_forecast_check, and
flight_search; these roles are
absorbed into travel_planning.

LangGraph F1 F7
Produces a narrative that appears com-
plete at a high level but does not reflect
the intended process structure.

Also misses dedicated
hotel_recommendation,
weather_forecast_check, and
flight_search calls; F7 marks
an additional residual execution
anomaly in the trace.

Observation. This T3 case shows that an active trace is not necessarily a faithful orchestration trace. Magentic-One,
Strands-Supervisor, and LangGraph can produce plausible travel narratives while collapsing several required agent roles into
travel_planning, leading to agent-selection errors. MACRO-DPE follows the expected agent structure more closely, but
still fails when the resulting content does not fully cover all cities and days. This illustrates why T3 accumulates denser and
more diverse failures than T1–T2: the challenge shifts from producing a plausible answer to preserving role-specific
execution and multi-step coverage.

Figure 12: Diagnostic case c23 (T3): multi-city itinerary and specialist roles.
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Diagnostic case card: c2
User request. Give me two itinerary choices and after I pick one, plan the routes.
Tier. T3
Expected behavior. Elicit missing fields if needed, call travel_planning to produce two comparable itinerary options, and
proceed only after the user selects one.
Diagnostic focus. This case tests whether the orchestrator preserves a staged interaction structure (option generation → user
selection → downstream planning), rather than collapsing it into a single-pass plan.

Orchestrator Failure ID User-visible result Orchestration trace

Magentic-One – Provides two itinerary options before
any commitment.

Uses travel_planning to generate
the required dual-option structure.

MACRO-DPE –
Follows the same staged interaction:
two options, then selection-driven plan-
ning.

Satisfies both user-side and system-
side milestones in the trace.

Strands-Supervisor – Also returns two options and defers de-
tailed planning until selection.

No routing or fulfillment gap is ob-
served for this instance.

LangGraph F1 F3 F4 F5
Does not present two explicit alterna-
tives: it first asks for details, then pro-
duces a single concrete plan.

Although travel_planning is in-
voked, the trace never materializes
the required two-option stage before
execution proceeds.

Observation. This case highlights a distinct failure mode in T3 tasks: the interaction structure itself can collapse. While
three orchestrators preserve the “generate options → select → plan” contract, LangGraph skips the branching stage and
commits to a single plan early. The resulting trace accumulates multiple failure types simultaneously, showing that when
staged control is not enforced, errors in routing, clarification, and final delivery can co-occur rather than appear in isolation.

Figure 13: Diagnostic case c2 (T3): staged option generation and user selection.

Diagnostic case card: c28
User request. What are the top-tier middle schools and the average new home prices in the Guang’anmenwai
area of Xicheng District?
Tier. T2
Expected behavior. Invoke news_search to obtain evidence-backed information on elite middle schools and average new
home prices for the specified area; the response should include both a school list and a price summary.
Diagnostic focus. This case couples two information goals under a single routing decision, exposing routing reliability already
at T2. It also reveals a LangGraph-specific pattern where missing delegation is accompanied by redundant orchestration steps
and residual trace artifacts.

Orchestrator Failure ID User-visible result Orchestration trace

Magentic-One – Both the school list and the average
price are returned.

Correctly invokes news_search to
satisfy the system-side requirement.

MACRO-DPE F1
Outputs appear complete, with schools
and a price summary provided.

Bypasses news_search; the re-
quired tool-based retrieval is not ex-
ecuted.

Strands-Supervisor F1
Similarly produces a plausible school
list and price estimate.

No sub-agent is invoked; the answer
is generated at the orchestrator level.

LangGraph F1 F6 F7
Fails to provide a usable school list or
price summary.

Repeats the query without dele-
gating to news_search, exhibiting
missing routing, redundant execu-
tion steps ( F6 ), and residual trace
artifacts ( F7 ).

Observation. Routing failures arise even at T2. MACRO-DPE and Strands-Supervisor produce plausible answers but
violate the required tool invocation ( F1 ), illustrating that correct outputs do not imply correct orchestration. LangGraph
further compounds this issue with repeated non-productive steps and residual artifacts, yielding a more severe failure pattern.
This case highlights that routing robustness degrades progressively with task complexity, rather than emerging only at higher
tiers.

Figure 14: Diagnostic case c28 (T2): coupled routing for schools and housing prices.
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Diagnostic case card: c25
User request. A comfortable travel plan featuring flight, hotel, attraction, and restaurant
recommendations.
Tier. T3
Expected protocol. After necessary clarification, invoke flight_search, hotel_recommendation, travel_planning,
and restaurant_recommendation, and return aligned user-facing segments.
Diagnostic focus. A deliberately asymmetric instance: MACRO-DPE alone carries a multi-tag failure signature, while
all baselines pass on the same prompt. This case illustrates how task-level diagnosis can contradict surface impressions of
robustness.

Orchestrator Failure ID User-visible result Orchestration trace

Magentic-One –
All four segments (flights, hotels,
itinerary, restaurants) are satisfied with
concrete content.

All required specialist agents are in-
voked; system-side milestones pass.

MACRO-DPE F1 F4 F7

Flights, hotels, and itinerary pass, but
the restaurant segment fails: outputs re-
main generic (e.g., cuisine types) with-
out actionable recommendations.

Invokes
restaurant_recommendation,
but the response lacks concrete
entities; aggregation further flags
routing and residual issues alongside
incomplete fulfillment.

Strands-Supervisor – Satisfies all four segments, including
specific restaurant suggestions.

Invokes all expected agents with con-
sistent, valid traces.

LangGraph – Meets all user-facing requirements on
this instance.

Follows the expected invocation pat-
tern with no recorded trace anoma-
lies.

Observation. The discrepancy is localized but instructive. Despite fluent overall output, MACRO-DPE fails to ground the
restaurant segment in concrete entities, leading to a multi-tag diagnosis. In contrast, all baselines satisfy both user- and
system-side criteria. This case highlights a key risk in decomposed orchestration: success depends not only on correct
routing, but also on the fidelity of downstream specialists. For RQ2, the implication is methodological—end-to-end
plausibility can obscure partial failures that only become visible under trace-level inspection.

Figure 15: Diagnostic case c25 (T3): asymmetric multi-segment fulfillment.
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Prompt for user clarification simulation

You are simulating a human being traveler answering clarification questions from an
assistant.

Current conversation context:
- Task ID: {context.get('task_id', 'unknown')}
- Clarification round: {context.get('round', 0)}
- Current state: {context.get('current_status', 'clarification')}

### Behavioral Requirements

1. Always answer directly and naturally.
- Provide concrete user content such as dates, cities, preferences, budget, etc.
2. Human style, concise, realistic.
3. Travel domain context:
- You are a human traveler. Questions may involve flights, hotels, destinations,
restaurants, budgets, transportation, visas, or local recommendations.
4. Reference date:
- The reference date is {today_date}. When providing dates, prefer realistic future
dates after this reference.
5. Do not break role under any condition.
- Never acknowledge being an agent, simulator, or test harness. Always remain
in-character as the user.
6. Current environment information:
- Current date: {today_date}
- Current location: China
- When giving dates, ensure they are realistic future dates after this environment date.
- When giving locations, you MUST pick places located within China and MUST NOT
suggest or return locations outside of China (for example: Japan, Korea, USA).
- If no suitable Chinese city can be provided, respond exactly with: "No suitable
location within China".

Guidelines:
1. Read the assistant's question carefully and answer the core ask directly.
2. Keep answers concise, relevant, and avoid unnecessary extra information.

Figure 16: Prompt for user clarification simulation.
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Prompt for user-side milestone evaluation

You are a meticulous multi-agent system evaluation expert responsible for assessing
whether the system's responses meet specific user-side milestones from a user
perspective.

Your inputs include:
- User's initial query: {initial_query}
- Task description: {task_desc}
- Expected user-side milestones: {milestone_lines}
- System response outputs, chronologically concatenated: {responses_text}
- Evaluation guidelines: {score_guideline_en}

You need to determine whether the system has completely, accurately, and clearly met
the requirements of each milestone in these responses.

Evaluation principles:
1. Evidence-based evaluation: conclusions must strictly come from the information
presented in the responses. Do not assume unmentioned information, infer possible
but unexpressed actions, or fill in missing content for the system.
2. Semantic logical matching: conclusions should be based on semantic understanding
of the responses. Do not judge milestone satisfaction solely based on keyword
matching or surface text similarity.

Output requirements:
Return plain-text JSON directly, without markdown code blocks:

{
"milestones": [
{
"index": 1,
"reason": "Brief reason following the evaluation principles",
"score": <integer 1-5>

}
],
"overall_score": <number 1-5, can be decimal>,
"notes": "Optional overall remarks"

}

Scoring rules:
1. Score each milestone from 1 to 5. Scores must be integers.
2. score >= 3 indicates that the milestone is sufficiently met.
3. score < 3 indicates that the milestone is not met or only partially met.
4. overall_score provides a comprehensive evaluation of all milestones.

Figure 17: Prompt for user-side milestone evaluation.
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Prompt for system-side milestone evaluation

You are a meticulous multi-agent system evaluation expert responsible for assessing
whether the orchestrator's issued instructions and scheduled sub-agent actions meet
specific system-side milestones from a system orchestration perspective.

Your inputs include:
- Initial task steps: {steps_context}
- Expected system-side milestones: {milestone_lines}
- Key sub-agent capability reference: {subagent_lines_en}
- System multi-round orchestration action trajectory, including query and
subAgentName: {conversations_summary}
- Scoring criteria: {score_guideline_en}

You need to determine whether the system has completely, accurately, and clearly
executed the actions stipulated by each milestone in the action trajectory.

Evaluation principles:
1. Identify the specific sub-agent that completes the milestone. If the
corresponding sub-agent does not appear, or the wrong sub-agent is called, the
milestone should be judged as not met.
2. For the call to that sub-agent, verify whether its triggering query is closely
related to the current task progress, naturally follows previous actions, and
clearly advances the milestone goal.
3. Under the premise of correct sub-agent invocation and reasonable query, check
whether the response attempts to advance the goal. If the call chain is complete but
no data is returned due to external limitations, assign a partial score at
discretion. Only when the call chain is complete and the response covers key points
should a high score be given.

Output requirements:
Return plain-text JSON directly, without markdown code blocks:

{
"milestones": [
{
"index": 1,
"agent": "relevant sub-agent",
"reason": "Brief reason specifying the sub-agent, query, and evidence",
"score": <integer 1-5>

}
],
"overall_score": <number 1-5, can be decimal>,
"notes": "Optional overall remarks"

}

Scoring rules:
1. Score each milestone from 1 to 5. Scores must be integers.
2. score >= 3 indicates that the milestone is sufficiently met.
3. score < 3 indicates that the milestone is not met or only partially met.
4. overall_score provides a comprehensive evaluation of all milestones.

Figure 18: Prompt for system-side milestone evaluation.
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Prompt for clarification coverage evaluation

You are a rigorous and explainable expert in text classification and semantic matching.

Note: The "current clarification query" here refers to a system-initiated
clarification question, whose purpose is to ask the user for missing or ambiguous
information, rather than to provide an answer.

Your task is to determine whether the clarification question is explicitly and
intentionally asking for one or more pieces of information described in the expected
clarification list, or whether it does not clearly correspond to any expected
clarification item.

Input:
Expected clarification items:
{expected_clarifications}

Current clarification query:
{query}

Judgment rules:
1. For each item in the expected clarification list, determine whether the
clarification question clearly asks for the information described by that item in
terms of semantic intent and information target.
2. The judgment should be based on information-seeking intent and target, not
surface-level or exact wording similarity.
3. Only when the question clearly attempts to obtain the information corresponding to
a specific expected clarification item should it be considered a match.
4. If the question is too broad, vague, or cannot be clearly mapped to any specific
expected clarification item, do not treat it as matching any item.
5. Do not force a match. A clarification question may match none of the expected
clarification items.

Output requirements:
Return only a pure JSON object in the following format:

{
"reason": "Briefly explain what information the clarification question is

attempting to obtain and why it corresponds or does not correspond to specific
expected clarification items",
"result": true or false,
"matched_item": [
"<exact text of the expected clarification item explicitly targeted by the question>"
]

}

Output constraints:
- result must be true if and only if matched_item is non-empty.
- Each element in matched_item must be selected verbatim from the expected
clarification list.
- Multiple matched items are allowed only when the clarification question clearly
asks for multiple distinct information points.
- If the question broadly touches on multiple aspects but lacks clear information
targets, return an empty list.
- Do not invent or paraphrase expected clarification items.
- Do not output anything outside the JSON object.

Figure 19: Prompt for clarification coverage evaluation.
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Prompt for step-level context compression (MACRO-DPE)

Role:
You are an Agent-Aware Context Compression Expert in a multi-agent orchestration framework.

Task:
Given the multi-turn interaction between the Supervisor and a sub-agent within a single

execution step, generate a concise factual summary that preserves only the
information necessary for subsequent agent execution and task continuation.

Background:
- The Supervisor decomposes a complex user request into sequential subtasks.
- Different future subtasks may be executed by different agents with different capabilities.
- Each step may involve multiple rounds of interaction between the user and a sub-agent.
- The generated summary will later be dynamically routed to future agents as compressed

execution context.

Inputs:
1. Current subtask description
2. Current executing agent
3. Current interaction status:

- completed
- inputRequired

4. Multi-turn interaction logs
5. Descriptions of future subtasks
6. Future target agent descriptions and capabilities (if available)

Compression Objectives:
- Preserve information required for future task execution.
- Retain only agent-relevant and execution-relevant context.
- Filter out information irrelevant to downstream agent capabilities or future subtasks.
- Reduce redundant context propagation across the orchestration pipeline.
- Produce a compact but execution-sufficient context summary.

Agent-Aware Compression Guidelines:

1. Retain:
- Key outputs, decisions, and execution states
- Constraints and parameters required by downstream subtasks
- Structured entities, identifiers, generated artifacts, variables, and references
- Information explicitly required by future agents to continue execution
- Dependency-related information affecting future task routing or execution

2. Prioritize Retention When:
- The information directly influences future task execution
- The information is actionable by downstream agents
- The information affects dependency resolution or execution order
- The information cannot be reliably reconstructed later

3. Remove:
- Repeated descriptions
- Polite or conversational language
- Internal reasoning or explanations
- Agent-specific details irrelevant to downstream agents
- Information unrelated to future execution paths

Output Style:
- Factual and concise
- Execution-oriented
- No subjective judgments
- No reasoning process

Output:
Return only the compressed execution summary.

Figure 20: Prompt for step-level context compression in MACRO-DPE.
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Prompt for stage-level context compression (MACRO-DPE)

Role:
You are an Agent-Aware Stage-Level Context Compression Expert in a multi-agent

orchestration framework.

Task:
After a task stage is completed, consolidate multiple step-level summaries into a

higher-level stage summary that serves as reusable long-term execution memory for
subsequent stages and downstream agents.

Background:
- A stage contains multiple sequential execution steps involving different agents.
- Each step has already been compressed into a step-level summary.
- Subsequent stages may involve different agent compositions and execution dependencies.
- The stage summary will later be selectively routed to future agents according to task

requirements and agent capabilities.

Inputs:
1. Global task objective
2. Current task status
3. Previously accumulated stage summary
4. Current stage interaction summaries
5. Descriptions of future stages or subtasks
6. Future agent descriptions and capabilities (if available)

Objectives:
- Summarize the overall progress and outcomes of the current stage.
- Preserve reusable execution knowledge for future agents.
- Retain dependency-aware and agent-relevant context.
- Support future context routing and dynamic context reconstruction.
- Remove low-level procedural redundancy and irrelevant historical details.

Agent-Aware Compression Guidelines:

1. Retain:
- Stage objectives and completion states
- Key outputs, generated artifacts, and reusable results
- Constraints, decisions, and dependency relationships
- Information required for future agent coordination
- Reusable parameters, references, and execution states
- Unresolved issues or blockers affecting downstream stages

2. Prioritize Retention When:
- The information is reusable across future stages
- The information affects downstream execution planning
- The information is actionable by future agents
- The information influences dependency management or task routing

3. Remove:
- Detailed interaction procedures
- Internal reasoning and explanations
- Redundant logs or repeated information
- Agent-local details irrelevant to future execution
- Historical information not affecting downstream tasks

Output Structure:
Stage Summary:
1. Stage Objective & Overall Outcome
2. Key Results & Reusable Execution Information
3. Dependency States & Coordination Constraints
4. Unresolved Items or Downstream Blocking Issues

Figure 21: Prompt for stage-level context compression in MACRO-DPE.
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Prompt for task decomposition (MACRO-DPE)

Role:
You are a Task Decomposition Expert in a multi-agent orchestration framework.

Task:
Analyze the user request and decompose it into executable subtasks based on the

capabilities of the available agent team.

Inputs:
1. Background information
2. Agent capability descriptions
3. User request

Objectives:
- Identify the global task objective.
- Decompose the task into minimally necessary subtasks.
- Ensure each subtask is executable by available agents.
- Avoid redundant decomposition.

Task Decomposition Principles:
1. Necessary:

- Do not split tasks unnecessarily.
- Avoid decomposing multiple operations already supported by a single agent.

2. Atomic:
- Each subtask should represent one clear executable instruction.

3. Information Complete:
- Each subtask must contain all required parameters and placeholders.

4. Feasible:
- Subtasks must align with available agent capabilities.

Requirements:
- Preserve all essential user constraints and goals.
- Avoid generating unsupported subtasks.
- Output only the goal and decomposed subtasks.

Output Format:
# Goal
<global objective>

# Subtasks
- Task 1
- Task 2
- ...

Figure 22: Prompt for task decomposition in MACRO-DPE.
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Prompt for subtask dependency analysis (MACRO-DPE)

Role:
You are a Subtask Dependency Analysis Expert in a multi-agent orchestration framework.

Task:
Analyze dependency relationships among fine-grained subtasks generated from a complex

user request.

Objectives:
- Identify prerequisite relationships between subtasks.
- Determine which subtasks can be executed independently or in parallel.
- Construct dependency-aware execution ordering.

Inputs:
1. Global task objective
2. Fine-grained subtask list
3. Agent capability descriptions

Dependency Analysis Rules:
1. A subtask depends on another subtask only if:

- It requires outputs generated by the previous subtask.
- It requires decisions or states produced earlier.
- Its execution logically cannot proceed beforehand.

2. Two subtasks are considered independent if:
- Neither requires outputs from the other.
- Both can execute concurrently without state conflict.

3. Avoid introducing unnecessary dependencies.

4. Preserve execution correctness while maximizing parallelism.

Output Requirements:
For each subtask:
- Identify prerequisite subtasks.
- Identify parallelizable subtasks if applicable.

Output Format:
[
{

"subtask": "<task_description>",
"depends_on": [
"<prerequisite_task>"

]
}

]

Figure 23: Prompt for subtask dependency analysis in MACRO-DPE.
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Prompt for coarse-grained task merging (MACRO-DPE)

Role:
You are a Coarse-Grained Task Merging Expert in a multi-agent orchestration framework.

Task:
Merge fine-grained subtasks into larger executable task groups to reduce orchestration

overhead while preserving execution correctness.

Objectives:
- Merge subtasks assigned to the same agent whenever possible.
- Avoid unnecessary agent switching.
- Preserve dependency constraints.
- Reduce execution fragmentation.

Inputs:
1. Fine-grained subtasks
2. Dependency analysis results
3. Agent assignment results

Task Merging Rules:
1. Two subtasks may be merged only if:

- They are assigned to the same agent.
- No dependency ordering exists between them.
- Merging does not alter execution correctness.

2. Do not merge subtasks if:
- One subtask depends on outputs of another.
- The merged instruction would become ambiguous or excessively complex.

3. Prefer semantically related task grouping.

4. Maximize execution efficiency while maintaining clarity.

Output Requirements:
- Produce merged coarse-grained task groups.
- Preserve original task semantics.
- Explicitly list included fine-grained subtasks.

Output Format:
[
{

"merged_task": "<merged_instruction>",
"included_subtasks": [
"<subtask_1>",
"<subtask_2>"

],
"assigned_agent": "<agent_name>"

}
]

Figure 24: Prompt for coarse-grained task merging in MACRO-DPE.
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Prompt for agent selection (MACRO-DPE)

Role:
You are an agent routing and domain classification engine.

Task:
Select the most appropriate agent(s) for the current user request.

Inputs:
1. Available agent domains
2. Agent capability descriptions
3. User request

Procedure:
Step 1: Capability Matching
- Match the request against explicit agent capabilities.

Step 2: Semantic Domain Matching
- If no direct match exists, infer suitable agents from semantic domain relevance.

Step 3: Default Classification
- If no suitable agent exists, return "other".

Requirements:
- Do not invent new agent domains.
- Support multi-intent routing if necessary.
- Assign confidence scores between 0 and 1.

Output:
Return a list:
[
{

"name": "<agent_name>",
"score": <confidence_score>

}
]

Figure 25: Prompt for agent selection in MACRO-DPE.
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Prompt for instruction reconstruction (MACRO-DPE)

Role:
You are an instruction reconstruction module in a multi-agent system.

Task:
Construct the minimal executable instruction for the target agent by combining the

current subtask with only the essential information from previous execution history.

Inputs:
1. Current subtask
2. Target agent
3. Agent skill description
4. Previous execution summaries

Objectives:
- Extract only execution-relevant context.
- Remove unnecessary historical information.
- Produce concise, directly executable instructions.

Guidelines:
1. Include information only if:

- It is directly required for the current task.
- It is actionable by the target agent.

2. Exclude:
- Irrelevant historical descriptions
- Redundant context
- Non-actionable information

3. Rewrite:
- Remove first-person and second-person pronouns.
- Use concise imperative language.

Output:
Return only the reconstructed executable instruction.

Figure 26: Prompt for instruction reconstruction in MACRO-DPE.
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