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Abstract

Integrating workflow knowledge into large lan-
guage models (LLMs) is essential for enabling
real-world task-solving capabilities. How-
ever, real-world conversations are inherently
dynamic; users frequently shift intents or re-
quest actions beyond the scope of the cur-
rent workflow. Existing systems often fail
to robustly detect such transitions or deter-
mine when to retrieve a new workflow. This
paper presents FLOWSWITCH, a state-aware
framework designed to dynamically manage
workflow transitions during multi-turn dia-
logues. FLOWSWITCH functions as a decision-
making agent that autonomously determines
whether to continue the current path or query
for new workflow knowledge based on con-
textual representations. When a search is
triggered, a dedicated retriever identifies the
most relevant workflow knowledge. Compre-
hensive experiments on workflow representa-
tion and retrieval strategies demonstrate that
FLOWSWITCH achieves superior retrieval per-
formance, particularly when leveraging agent-
generated search queries. Furthermore, our
framework reduces search operations by nearly
50%, significantly lowering computational
costs and response latency.'

1 Introduction

Task-oriented dialogue (ToD) systems have be-
come ubiquitous across diverse domains, ranging
from customer service and personal assistance to e-
commerce and logistics (Budzianowski et al., 2018;
Rastogi et al., 2019). However, real-world applica-
tions increasingly demand capabilities that extend
beyond single-task execution (Sun et al., 2016a,b;
Kuo and Chen, 2023). For instance, a restaurant
service bot must seamlessly handle a user who
first explicitly inquires about table availability, then
modifies an existing reservation, and subsequently
asks about menu allergens. Each of these requests

'Code: https: //github.com/MiuLab/FlowSwitch.
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corresponds to a distinct workflow with specific
procedural steps and data requirements. Conse-
quently, the ability to detect when a user’s intent
drifts beyond the scope of the current workflow
and to transition to the appropriate alternative is
essential for maintaining conversational coherence.

Large language models (LLMs) have driven a
shift toward adaptive agent frameworks capable of
multi-step reasoning and planning (Yao et al., 2023;
Qin et al., 2024). Yet, the majority of existing re-
search focuses on optimizing workflow execution
after a path has been selected (Zhang et al., 2024;
Xiao et al., 2024). The critical question of how
agents should learn to autonomously detect and
manage workflow transitions during dynamic con-
versations remains unexplored. Traditional intent
classification, which relies on predefined intent sets,
is ill-suited for scenarios where workflows share
semantic similarities or where user needs evolve
mid-conversation (Liu and Lane, 2016; Chen et al.,
2016). While recent studies address workflow plan-
ning (Xiao et al., 2024; Tan et al., 2025) and pro-
cedural compliance (Shi et al., 2025), they do not
directly tackle the mechanisms of switching. This
is a significant gap, as prior work demonstrates that
task-switching substantially degrades LLM perfor-
mance absent specific mitigation strategies (Gupta
et al., 2024).

In this work, we identify two core challenges in
developing robust workflow-guided dialogue sys-
tems. First, agents require state-aware transition
detection to recognize when the dialogue state has
drifted beyond the active workflow’s boundaries.
This requires going beyond static intent classifica-
tion to leverage dialogue representations that cap-
ture both conversation history and the status of par-
tially completed procedural steps. Second, agents
need adaptive workflow retrieval to efficiently
select the correct target workflow from large-scale
libraries. Given that workflows are typically orga-
nized hierarchically by domain, role, and scenario,
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this structure naturally motivates the use of hierar-
chical retrieval strategies to enhance both efficiency
and precision compared to flat retrieval approaches.

To address these challenges, we propose

FLOWSWITCH, an agentic framework for state-
aware workflow transitions. FLOWSWITCH in-
tegrates dynamic transition detection with hier-
archical workflow retrieval, leveraging the dia-
logue context to identify transition points rather
than relying on heuristic rules. We systematically
evaluate retrieval strategies across workflow rep-
resentations, contextual inputs, and retrieval archi-
tectures. Specifically, we compare: (1) diverse
workflow representations, including text, summary,
flowchart, and code; (2) contextual inputs rang-
ing from the full dialogue history to recent turns;
and (3) retrieval architectures spanning flat, two-
layer, and three-layer hierarchical designs. Com-
prehensive experiments are conducted on 51 work-
flows across five real-world domains, utilizing both
sparse (BM25) and dense (e5) retrievers.

Our contributions are 3-fold:

* We propose FLOWSWITCH, a framework that
unifies workflow transition detection and hi-
erarchical retrieval, achieving over 90% accu-
racy in maintaining correct workflows and a
56% reduction in search costs.

* We systematically compare retrieval strate-
gies across various workflow formats, con-
textual inputs, and retriever types, demonstrat-
ing that hierarchical retrieval significantly out-
performs flat approaches in complex environ-
ments.

* We provide an in-depth analysis of how struc-
tured (e.g., code, flowchart) versus seman-
tic (e.g., text, summary) representations influ-
ence retrieval effectiveness, offering action-
able guidance for building scalable, multi-
workflow dialogue agents.

2 Related Work

2.1 Task-Oriented Dialogue (ToD) Systems

ToD systems have evolved substantially with the
introduction of large-scale, multi-domain datasets.
MultiWOZ (Budzianowski et al., 2018) contains
10,000 dialogues across seven domains, demon-
strating that users naturally switch between tasks,
such as booking a hotel followed by a restaurant
reservation. The schema-guided dialogue (SGD)
dataset (Rastogi et al., 2019) extends this scale
to over 16,000 dialogues spanning 16 domains,
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promoting a schema-based paradigm that facili-
tates zero-shot transfer. While these benchmarks
highlight the ubiquity of multi-domain interactions,
standard baselines primarily focus on dialogue state
tracking (DST) within a fixed schema rather than
explicit workflow switching.

Traditional DST methods, such as TRADE (Wu
et al., 2019) and SUMBT (Lee et al., 2019), fo-
cus on tracking user goals across turns by gener-
ating slot values or matching slot-utterance pairs.
Although these approaches handle state updates
effectively, they typically assume a fixed set of do-
mains and lack mechanisms to determine when to
switch between fundamentally different workflows.
Even recent approaches applying chain-of-thought
(CoT) reasoning to DST (Xu et al., 2024) focus
on state accuracy rather than detecting workflow
boundaries in dynamic environments.

2.2 Workflow-Guided Planning and Execution

With the rise of LLM-based agents, research has
pivoted toward workflow execution and planning.
ProAgent (Zhang et al., 2024) introduces agentic
process automation, utilizing specialized agents
for control flow and data handling. Meta-agent-
workflow (Tan et al., 2025) focuses on constructing
reusable workflows from LLM execution traces.
Similarly, FlowBench (Xiao et al., 2024) bench-
marks agents on their ability to adhere to predefined
procedures across 51 scenarios. While these sys-
tems demonstrate strong capabilities in executing
a selected workflow, they offer limited insight into
detecting when to abandon or switch workflows in
response to shifting user intent.

FlowAgent (Shi et al., 2025) attempts to address
out-of-workflow queries by distinguishing between
compliant and flexible handling modes. However,
their selection mechanism relies on predefined map-
pings rather than dynamic retrieval, limiting scal-
ability. Our work complements these execution-
focused systems by addressing the critical upstream
challenges: detecting transition points and retriev-
ing the correct workflow from a large, unmapped
workflow library.

2.3 Dialogure Retrieval Methods

Dense retrieval has become a cornerstone of
information-seeking tasks. Dense passage re-
trieval (DPR) (Karpukhin et al., 2020) lever-
ages dual encoders for semantic matching, while
CoIlBERT (Khattab and Zaharia, 2020) opti-
mizes efficiency via late interaction. In dia-



Hello! I'm looking to
rent a three-bedroom
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Could you please
specify on which
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It's located at ...
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Figure 1: Overview of the proposed FLOWSWITCH framework.

logue contexts, retrieval-augmented generation
(RAG) (Lewis et al., 2020) grounds responses in
external knowledge, with recent variations like
UniMS-RAG (Wang et al., 2024) dynamically se-
lecting between multiple knowledge sources based
on query characteristics.

Given the structured nature of workflows, which
are often organized by domain, role, and scenario,
hierarchical retrieval strategies offer significant
promise. Approaches like dense hierarchical re-
trieval (Liu et al., 2021) and hybrid hierarchical
retrieval (Arivazhagan et al., 2023) have shown that
multi-stage search (e.g., document-level followed
by passage-level) improves recall and zero-shot per-
formance. We investigate whether this hierarchical
intuition holds for workflow retrieval, systemati-
cally analyzing under what conditions hierarchical
methods outperform flat retrieval architectures.

2.4 Transition Detection for Task Switching

The specific problem of detecting task transitions
in dialogue remains under-explored. Gupta et al.
(2024) provided the first systematic analysis of task-
switching effects, demonstrating that LLM perfor-
mance degrades significantly when tasks change
mid-conversation. While their work establishes
the severity of the problem, it does not propose
specific detection mechanisms. Similarly, out-of-
scope (OOS) detection methods (Zhan et al., 2021;
Zaera et al., 2025) identify when requests fall out-
side system capabilities, but they do not resolve
which alternative workflow should be engaged.

Conventional intent classification approaches
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track intent changes but typically assume finite, pre-
defined intent sets mapped to static handlers (Liu
and Lane, 2016; Goo et al., 2018; Liu et al., 2024).
These methods struggle to scale to scenarios with
numerous, semantically overlapping workflows.
We depart from this classification-based paradigm
by framing workflow selection as a retrieval prob-
lem, enabling systems to scale to large libraries
and leverage the natural hierarchical organization
of tasks.

3 Methodology

3.1 Problem Formalization

We consider a task-oriented dialogue agent
equipped with a library of workflows W
{wy,ws, ..., wn}, where each workflow w; en-
capsulates the procedural logic for a specific do-
main or task. At any turn ¢, the system’s state is
defined by the cumulative dialogue history H; and
the currently active workflow w, € W.

The core challenge is to dynamically detect
when the user’s intent drifts beyond the scope of
w,. We formalize this as a binary decision process
governed by a transition policy 7rgwitch:

Tswiteh (Flt, wq) € {STAY, SEARCH}.

This policy evaluates whether the current workflow
w, remains valid given the context Hy.

* Search Mode: If 7gyiwcn(Hy, w,) = SEARCH,
the system invokes a retriever R4 parameter-
ized by ¢ (e.g., a sparse or dense encoder).
The retriever queries the library VV to iden-
tify the workflow w* that best aligns with the



updated state:
w* = Ry(H, W).

The active workflow is then updated to w*,
and the agent proceeds with the new proce-
dure.

» Stay Mode: If mgyiten(Ht, wy) = STAY, the
agent retains w, as the active workflow and
executes the next procedural step.

The overall objective is to maximize conversa-

tional coherence by ensuring the active workflow
consistently matches the evolving user intent.

3.2 FLOWSWITCH Framework

Our framework empowers dialogue agents to dy-
namically manage workflow adherence and transi-
tions during multi-turn interactions. As illustrated
in Figure 1, FLOWSWITCH comprises two primary
components: (1) a Workflow Switch Detector,
which continuously evaluates whether the current
workflow remains valid given the evolving context,
and (2) an Adaptive Retriever, which identifies
and activates the optimal target workflow when a
transition is deemed necessary.

3.3 Retrieval Pool Construction

We construct our library using FlowBench (Xiao
et al., 2024), a dataset of diverse, workflow-guided
conversations. The dataset spans 51 workflows
organized hierarchically into 22 roles across 6 do-
mains. To leverage this inherent structure, we con-
struct three distinct levels of retrieval pools:

* Domain Pool: We aggregate all roles within
a specific domain and prompt an LLM to syn-
thesize a high-level description summarizing
the domain’s collective functionality.

* Role Pool: Similarly, for each role, we gener-
ate a concise description based on the specific
set of workflows associated with that role.

* Workflow Pool: At the granular workflow
level, we maintain four distinct representa-
tions for each scenario: text, code, flowchart,
and summary. The first three are extracted
directly from the dataset, while the summary
is generated via an LLM to provide a compact
semantic abstraction.

For instance, in the Customer Service domain, roles
such as restaurant_waiter and apartment_manager
include workflows like [Restaurant Search, Restau-
rant Booking] and [Apartment Search, Schedule a
Viewing].

3.4 Workflow Switch Detector

The workflow switch detector serves as the frame-
work’s decision-making core. At every turn, it
monitors the dialogue for intent shifts relative to
the active workflow w,. We implement this module
using an LL.M that processes the current dialogue
history H; and the active workflow content.

The detector operates as a dual-function module:

1. Decision: It outputs a binary decision, mgwitch.
If the user’s intent remains within scope, it out-
puts STAY, and the agent continues executing
w, without initiating retrieval.

2. Query Generation: If the detector predicts a
shift (outputting SEARCH), it simultaneously
generates a structured search query. This
query contains: (1) potential workflow names,
(2) a target task description, and (3) the ex-
pected next action.

We hypothesize that this self-generated query is
rich in semantic context and tailored to the agent’s
immediate needs, providing significantly stronger
retrieval signals than the raw dialogue history.

3.5 Retrieval Strategies

We investigate two categories of retrieval strategies:
(1) embedding-based retrieval (without LLM infer-
ence), and (2) LLM-guided hierarchical retrieval.
Both strategies exploit the multi-level structure of
our pools to optimize search efficiency and rele-
vance.

(1) Embedding-Based Retrieval In this setting,
retrieval relies solely on vector similarity without
intermediate LLM reasoning.

* Flat Retrieval: The retriever searches the en-
tire workflow pool directly. Given an input
query, it returns the top-k workflows with the
highest similarity scores based on the chosen
method R.

* Hierarchical Retrieval: To constrain the
search space, the retriever first identifies the
most relevant domain or role from the higher-
level pools. It then restricts the subsequent
workflow search to the subset of scenarios
associated with that selected domain or role,
improving precision by filtering out irrelevant
categories early.

(2) LLM-Guided Hierarchical Retrieval Here,
an LLM acts as a semantic router, selecting candi-
date domains or roles before the embedding-based



Retrieval Strategy LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
Without Workflow Switch Detector

Flat Retrieval X | 373 553 628 661 687 | 522
. . X 329 520 587 620 641 | 47.8
Hierarchical (D— W) v ‘ 395 541 604 638 664 ‘ 513
. . X 331 517 585 619 641 | 47.8
Hierarchical (D= R— W) v ‘ 417 605 676 715 731 ‘ 563
. . X 376 571 658 702 721 | 53.7
Hierarchical (R— W) v ‘ 418 613 692 732 744 ‘ 57.1
With Workflow Switch Detector

Flat Retrieval X | 638 713 748 766 780 | 785
. . X 626 706 738 757 767 | 76.8
Hierarchical (D— W) v ‘ 648 716 747 764 117 ‘ 78.7
. . X 627 705 738 758 769 | 76.8
Hierarchical (D— R — W) v ‘ 655 746 781 801 812 ‘ 80.9
. . X 642 721 764 789 803 | 79.1
Hierarchical (R— W) v ‘ 65.6 748 789 SL1 820 ‘ 81.4

Table 1: Workflow retrieval results w/o & w/ workflow switch detector usingES retriever in different settings (%).

search occurs. We explore three hierarchical con-
figurations:

* Two-Layer (Domain — Scenario): The
LLM analyzes the dialogue context to select
the most relevant domains. The retriever then
ranks workflows solely within those domains
to produce the top-k candidates.

Two-Layer (Role — Scenario): The LLM
selects the most relevant roles directly. The re-
triever then searches the workflows associated
with these roles.

Three-Layer (Domain — Role — Scenario):
This approach fully mirrors the dataset’s hi-
erarchy. The LLM first selects top domains,
then identifies specific roles within those do-
mains, and finally, the retriever ranks the work-
flows under those roles. This multi-step rea-
soning allows for finer-grained filtering com-
pared to broader domain-level selection.

4 Experiments

4.1 Implementation Details

In the experiments, We employ Qwen3-14B (Yang
et al., 2025) as the backbone for the workflow
switch detector and Qwen3-8B as the hierarchical
router to select domains and roles in the LLM-
guided settings. For the final workflow retrieval,
we adopt E5-base-v2 (Wang et al., 2022) as the
dense embedding model.

Regarding retrieval hyperparameters, we select
the top-k = 3 candidates for the domain and role
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levels, and the top-k = 5 candidates for the final
workflow level. For a complete list of hyperparam-
eters, please refer to Appendix A.

4.2 Datasets and Evaluation

Our experiments utilize FlowBench (Xiao et al.,
2024), which contains 2,219 turn-level samples
across 51 real-world task scenarios. Each workflow
in the dataset includes three native representations:
text, code, and flowchart. To augment this, we em-
ploy GPT-4.1 to generate a fourth representation,
summary, providing a concise semantic abstraction.
The same model is used to generate the high-level
descriptions for the domain and role pools.

We evaluate retrieval performance using Top-
k accuracy and mean average precision (MAP).
To isolate retrieval effectiveness, we first bench-
mark performance without the switch detector (i.e.,
forcing retrieval at every turn). We compare four
primary strategies: (1) Naive Flat Retrieval, (2) Do-
main — Workflow, (3) Role — Workflow, and (4)
Domain — Role — Workflow. Each hierarchical
strategy is evaluated under two conditions: purely
embedding-based versus LLM-guided at the upper
layers.?

4.3 Results

We evaluate FLOWSWITCH on the FlowBench turn-
level benchmark, reporting Top-k accuracy and

ZResults are averaged across all workflow formats and
query types unless noted otherwise. Comprehensive break-
downs for each configuration can be found in Appendix C.



Retriever Top-1 MAP

Query Top-1 Top-2 Top-3 Top-4 Top-5 \ MAP
g’;lh"”t m”kfi’&vosw”‘h DS%‘”” Full 618 707 744 767 7180 | 76.6
BM25 42.0 50 Last3 63.2 70.6 74.2 76.4 77.6 774
Last2 63.8 71.0 74.5 76.4 71.5 77.9
With Workflow Switch Detector Lastl 64.2 70.8 73.9 75.8 77.0 77.8
- 90.5 88.9 Self-Gen 65.4 70.8 73.4 75.1 76.3 78.7

Table 2: Workflow decision performance Table 3: Retrieval performance w/ the workflow switch detector

when detector decides to STAY (%).

mean average precision (MAP) across various re-
trieval strategies. Table 1 summarizes the perfor-
mance averaged across all formats and query for-
mulations. We focus on results using the denseES
retriever; while trends with BM25 are consistent,
absolute scores are uniformly lower (Appendix C).
The results indicate that hierarchical retrieval uti-
lizing intermediate role information yields supe-
rior performance. Specifically, the LLM-guided
Role— Workflow configuration achieves the high-
est metrics, reaching Top-1 of 65.6% and MAP of
81.4%. Crucially, integrating the workflow switch
detector significantly outperforms the baseline strat-
egy of performing retrieval at every turn across all
configurations.

Beyond accuracy, FLOWSWITCH delivers sub-
stantial efficiency gains. By effectively filtering out
redundant searches, the switch detector not only
lowers computational costs but also drives massive
improvements over continuous-retrieval baselines
(e.g., boosting flat retrieval Top-1 from ~37% to
64%). These findings confirm that coupling a ro-
bust, state-aware switch policy with hierarchical
retrieval effectively balances high precision with
low computational overhead.

5 Discussion

Efficiency and Effectiveness of the Workflow
Switch Detector. To further evaluate the work-
flow switch detector, we analyze its accuracy
specifically when the correct decision is to STAY
(i.e., refrain from searching). In these scenarios,
the ground truth corresponds to either the currently
active workflow or an empty assignment (indicat-
ing no transition is required). As detailed in Ta-
ble 2, disabling the detector forces the system to
perform retrieval at every turn. This baseline ap-
proach yields poor results: the dense (E5) and lexi-
cal (BM25) retrievers achieve only 40% and 42%
Top-1 accuracy, respectively, with MAP scores hov-
ering around 52-54%. In contrast, enabling the
Workflow Switch Detector dramatically boosts per-
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averaged over all retrieval strategies (%).

formance, achieving a Top-1 accuracy of 90.5%
and a MAP of 88.9%. This confirms the module’s
robust ability to maintain workflow continuity. On
average, the detector correctly suppresses retrieval
in 1,244.5 turns’, maintaining a 90% decision ac-
curacy and delivering a 56% reduction in total
search operations. These results demonstrate that
the detector acts as a critical filter, enhancing both
retrieval precision and computational efficiency by
eliminating redundant searches during multi-turn
dialogues.

Impact of Query Formulation. As detailed in Ta-
ble 3, the self-generated search query achieves the
highest performance in terms of Top-1 accuracy
and MAP. However, for broader metrics (Top-2
to Top-5), using the full dialogue context remains
competitive. We hypothesize this is because the full
history contains the agent’s prior actions, which nat-
urally overlap with the procedural details of valid
workflows. This lexical overlap can inflate similar-
ity scores, helping the correct workflow appear in
the Top-k candidates even if it is not ranked first.

To isolate the true discriminative power of the
inputs, we analyze the challenging subset where
the ground-truth workflow explicitly differs from
the current active workflow, a scenario requiring
the system to break context inertia. As illustrated in
Figures 2, the search query input consistently out-
performs raw context inputs across both retriever
types in this regime, exhibiting significantly lower
variance. These results highlight that a targeted,
semantically grounded query is essential for accu-
rately navigating workflow transitions.

Impact of Workflow Representation. To account
for real-world data heterogeneity, our main results
average performance across four workflow formats:
code, flowchart, text, and summary. A granular
analysis (Table 4) reveals that structured represen-
tations, specifically code and flowchart, yield supe-

3Averaged across the four workflow formats: text, code,
flowchart, and summary.
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Figure 2: Top-k accuracy across different search query types.
Input Type LLM-Guided Retriever | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
X BM25 60.8 67.2 70.2 71.9 73.2 74.1
Text X E5 62.1 70.3 73.9 76.0 77.3 77.1
& v BM25 643 719 755 717 790 | 79.6
v E5 63.0 71.6 76.0 78.1 79.3 78.5
X BM25 61.6 66.8 69.5 71.2 72.4 73.6
Code X E5 63.2 71.0 74.7 76.9 78.3 77.6
v BM25 64.0 70.6 74.1 76.4 77.8 78.0
v ES 67.1 75.3 78.9 80.7 81.8 82.6
X BM25 64.4 70.6 72.8 73.9 747 773
Flowchart X ES 64.7 72.0 75.4 77.2 784 78.8
W v BM25 667 73.6 770 787 797 | 81.3
v E5 67.2 75.8 78.7 80.3 81.0 82.4
X BM25 62.0 67.9 70.6 72.7 73.8 74.4
Summar X ES 63.4 71.2 74.8 76.8 78.0 77.6
y v BM25 62.6 68.0 71.6 74.6 76.7 75.7
v ES 64.0 71.9 75.4 71.7 79.2 77.8

Table 4: Retrieval performance of different workflow formats in all settings with the workflow switch detector (%).

Workflow Format # of Stay  # of Search
Text 1,209 1,010
Code 1,231 988
Flowchart 1,276 943
Summary 1,262 957

Table 5: SEARCH and STAY decision counts of the
workflow switch detector across workflow formats.

rior performance, achieving MAP scores exceeding
82% with dense retrievers. We attribute this to the
explicit procedural cues inherent in these formats;
they clearly delineate logic steps and transitions,
allowing the retriever to anchor queries more ef-
fectively. In contrast, text and summary formats,
while semantically rich, suffer from higher ambi-
guity and overlap between similar workflows, re-
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sulting in slightly lower accuracy. Consistent with
prior trends, dense retrievers (ES) outperform lexi-
cal baselines (BM25) across all formats, with LLM
assistance further boosting recall. These findings
suggest that for complex task-oriented systems, re-
taining the native structural properties of workflows
provides a stronger retrieval signal than flattening
them into natural language descriptions.

Finally, Table 5 compares the distribution of
SEARCH vs. STAY decisions across these formats.
The decision counts remain highly consistent re-
gardless of the underlying workflow representation.
This implies that while the format significantly in-
fluences the retriever’s ability to find the correct
target, it has negligible impact on the detector’s
ability to recognize when a transition is needed.



Impact of Hierarchical Categorization. Lever-
aging hierarchical structure, particularly at the
role level, substantially enhances retrieval accuracy
and efficiency. The Role—Workflow configura-
tion provides the optimal balance between search
breadth and specificity: role selection constrains
the candidate space to a semantically coherent sub-
set while preserving necessary workflow diversity.
In this setup, the LLM-guided first layer functions
as a high-level semantic filter, allowing the dense
retriever to focus on fine-grained ranking. From a
system design perspective, these results advocate
for a scalable two-stage pipeline: first, utilizing a
lightweight LLM to identify broad categories (e.g.,
roles), followed by focused dense retrieval within
the targeted pool. This approach effectively han-
dles large-scale workflow libraries without compro-
mising precision.

6 Conclusion

In this paper, we presented FLOWSWITCH, an agen-
tic framework that unifies state-aware transition de-
tection with hierarchical retrieval to robustly man-
age workflow switching in multi-turn dialogues.
Comprehensive experiments on FlowBench yield
three critical insights: (1) hierarchical retrieval,
particularly when anchored at the role level, offers
the optimal trade-off between search breadth and
precision; (2) self-generated search queries that
explicitly articulate the target intent significantly
outperform raw dialogue history as retrieval inputs;
and (3) the workflow switch detector effectively
acts as a gatekeeper, eliminating redundant search
operations while boosting overall Top-k accuracy
and MAP.

These results distill into actionable design prin-
ciples for building scalable dialogue agents: (i)
Structure-First Retrieval: Adopt multi-stage
pipelines that leverage semantic categorization
(e.g., roles) to narrow the search space before fine-
grained ranking; (ii) Query Refinement: Priori-
tize the generation of semantically targeted search
queries over using raw context; and (iii) Explicit
Control: Integrate state-aware switching logic to
minimize computational overhead and latency. Fu-
ture work will explore adaptive hybrid retrieval
mechanisms that dynamically weight dense and
sparse signals, incorporate interactive clarification
strategies for ambiguous user intents, and extend
FLOWSWITCH to open-domain settings character-
ized by unstructured or evolving workflow reposi-
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tories.
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A Hyperparameters

The hyperparameters used for Qwen3-14B are as
follows:

* temperature: 0.7

* top-p: 0.95

e top-k: 20

e enable_thinking: True

For Qwen3-8B, the following settings are ap-
plied:

* temperature: 0.1

* enable_thinking: False

B Prompt Template

Domain Description Generation Prompt

### Instructions:

1. Write a high-level description of the provided domain
based on the provided roles.

2. The description should be concise and clear without
too many details.

### Domain:
{domain}
### Roles:
{roles}

return your summary in the key "summary" in json
format

Role Description Generation Prompt

### Instructions:

1. Write a high-level description of the provided role
based on the provided scenarios.

2. The description should be concise and clear without
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too many details.

### Role:
{role}

### Scenarios:
{scenarios}

return your summary in the key "summary" in json
format

Workflow Summary Generation Prompt

### Instructions:
1. Write a high-level description of the provided
workflow without too many details.

### Workflow Text:
{workflow_text}

return your summary in the key "summary" in json
format

Workflow Switch Detector Prompt

### Instrctions:

Your goal is to help the user complete their task
according to different workflow SOPs.

In order to accomplish this, you will need to understand
the user’s intention and determine the appropriate
workflow SOPs to follow.

Specifically, given the current dialogue context and
current workflow SOP, you will need to decide:

1. Whether the user’s intention is aligned with the
current workflow SOPs.

a. If the answer is no, based on your own knowledge,
does current user’s intention has to do with any potential
tasks that might be described as a workflow SOP?

i. If yes, you will need generate a suitable search query
to find the appropriate workflow SOP.

ii. If the answer is partially yes, you will need to search
for any other workflow SOP that may be relevant to the
user’s intention.

iii. If no, you will need to stay with the current workflow,
if the current context has nothing to do with any possible
workflow SOPs and is out of current workflow’s scope
b. If the answer is yes, you will need to stay with the
current workflow.

2. Note that All you have to do is to decide which action
to take, you do not need to take any other actions such as
calling functions.

You only have 2 actions to choose from:

a. search: search for a suitable workflow SOP

b. stay: stay with the current workflow

3. It is possible that the current workflow SOPs is empty,
then you will need to determine whether to search
for suitable workflow SOPs or stay with the current
workflow.

4. If you decide to search, the search query should be a
clear and precise description of such workflow that can
be used to tackle the user’s intention, this should include
the following information:

a. Potential Name of the workflow

b. Task description of the workflow

c. the action you need to take to solve the task

For example, the search query should be a string as
follows:
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"Potential Name of the workflow: Workflow Name,
Task description of the workflow: Task Description, the
action you need to take to solve the task: Action"

### Current Workflow SOPs:

{current_workflow_sop}

## Dialogue Context:

{dialogue_context}

### Output Format:

Follow the below format in every response under any
circumstances:

“‘json

{

"action": "<search, stay>",

"search_query": "<search query>",(empty if action is
not search)

"user_intention": "<user intention>"

)

e

### Response:

LLM as Retriever Prompt

Given the user query/dialogue history, please select the
most relevant {selection_type}s from the candidates
below.

User Query/Dialogue History:
{query}

Available {selection_type.capitalize()}s:
{candidate_text}

Please analyze the user’s intent and select the
top {top_k} most relevant {selection_type}s that best
match the user’s needs.

Return only the names of the selected {selection_type}s,
one per line, in order of relevance (most relevant first).

Selected {selection_type}s

C Detailed Results

The breakdown results are detailed in Table 6, 7, 8,
9, and 10.



Retrieval Strategy LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
Without Workflow Switch Detector
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Table 6: Workflow retrieval performance w/o & w/ workflow switch detector using BM25 in different settings (%).
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Retriever  Strategy Query LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
BM25 Flat Retrieval Full X 60.4 66.6 70.1 72.6 74.1 73.2
BM25 Flat Retrieval Last3 X 61.8 67.5 70.4 72.6 74.0 74.5
BM25 Flat Retrieval Last2 X 62.9 67.9 70.5 72.3 73.8 75.3
BM25 Flat Retrieval Lastl X 63.5 68.2 71.2 72.8 74.2 76.0
BM25 Flat Retrieval Self-Gen X 67.9 71.4 73.0 73.6 74.0 80.5
BM25 Hierarchical (D— W) Full X 57.8 63.1 66.2 68.7 70.0 68.9
BM25 Hierarchical (D— W) Last3 X 59.0 63.6 66.6 68.6 69.9 69.9
BM25 Hierarchical (D— W) Last2 X 59.4 63.7 66.6 68.3 69.2 70.1
BM25 Hierarchical (D— W) Lastl X 60.2 64.4 67.1 68.7 69.7 70.7
BM25 Hierarchical (D— W) Self-Gen X 65.9 69.6 70.9 71.4 71.9 77.8
BM25 Hierarchical (D— W) Full v 60.0 65.2 68.6 714 73.1 71.8
BM25 Hierarchical (D— W) Last3 v 60.8 65.8 69.4 71.6 72.6 724
BM25 Hierarchical (D— W) Last2 v 61.2 66.3 69.2 71.1 72.6 72.7
BM25 Hierarchical (D— W) Lastl v 61.2 66.1 69.0 71.0 72.5 72.6
BM25 Hierarchical (D— W) Self-Gen v 64.8 68.4 70.1 70.9 71.8 76.1
BM25 Hierarchical (R— W) Full X 60.5 69.9 734 75.5 71.7 75.1
BM25 Hierarchical (R— W) Last3 X 61.2 68.8 724 74.1 76.2 74.8
BM25 Hierarchical (R— W) Last2 X 61.2 68.4 71.6 73.3 75.0 74.4
BM25 Hierarchical (R— W) Lastl X 62.2 67.7 70.3 72.1 73.5 74.2
BM25 Hierarchical (R— W) Self-Gen X 65.4 68.8 70.1 71.3 71.7 76.9
BM25 Hierarchical (R— W) Full v 64.0 73.0 78.0 80.4 81.7 80.2
BM25 Hierarchical (R— W) Last3 v 64.9 73.2 71.9 80.2 81.5 80.7
BM25 Hierarchical (R— W) Last2 v 65.8 73.5 71.7 80.3 81.3 81.3
BM25 Hierarchical (R— W) Lastl v 66.5 73.4 76.7 79.0 80.5 81.4
BM25 Hierarchical (R— W) Self-Gen v 65.4 71.9 74.4 78.0 79.8 79.8
BM25 Hierarchical (D— R — W)  Full X 58.0 63.5 66.8 69.4 70.5 69.5
BM25 Hierarchical (D— R — W)  Last3 X 59.3 63.9 67.1 69.2 70.3 70.4
BM25 Hierarchical (D— R — W)  Last2 X 59.7 64.0 67.1 68.7 69.9 70.6
BM25 Hierarchical D— R — W)  Lastl X 60.3 64.8 67.8 69.0 69.9 712
BM25 Hierarchical D— R — W)  Self-Gen X 66.1 69.9 71.2 71.8 71.9 78.0
BM25 Hierarchical (D— R — W)  Full v 64.2 72.5 71.0 79.6 81.0 79.9
BM25 Hierarchical (D— R — W)  Last3 v 64.8 73.1 76.7 79.1 80.7 80.3
BM25 Hierarchical (D— R — W)  Last2 v 65.6 73.1 76.9 79.2 80.5 80.7
BM25 Hierarchical D— R — W)  Lastl v 66.0 72.8 76.0 78.3 79.6 80.7
BM25 Hierarchical D— R — W)  Self-Gen v 64.8 71.6 74.0 76.3 78.3 79.0
E5 Flat Retrieval Full X 62.1 71.5 75.0 76.9 78.4 71.5
E5 Flat Retrieval Last3 X 63.1 70.7 74.6 71.0 78.7 78.0
E5 Flat Retrieval Last2 X 63.8 71.8 75.6 774 78.8 78.8
E5 Flat Retrieval Lastl X 64.4 71.7 75.6 713 79.0 79.1
E5 Flat Retrieval Self-Gen X 65.1 70.8 73.6 754 76.5 78.8
E5 Hierarchical (D— W) Full X 61.0 70.8 74.2 76.5 71.7 75.9
E5 Hierarchical (D— W) Last3 X 62.0 69.9 73.8 75.9 77.1 76.1
E5 Hierarchical (D— W) Last2 X 62.8 70.9 74.4 76.3 77.4 77.1
E5 Hierarchical (D— W) Lastl X 63.4 71.1 74.4 76.2 77.6 713
E5 Hierarchical (D— W) Self-Gen X 63.3 69.0 72.1 74.0 75.1 76.2
E5 Hierarchical (D— W) Full v 63.9 73.2 76.9 78.4 79.6 79.4
E5 Hierarchical (D— W) Last3 v 66.8 73.4 76.7 78.2 79.8 81.6
E5 Hierarchical (D— W) Last2 v 67.7 74.4 71.7 79.0 80.3 82.8
E5 Hierarchical (D— W) Lastl v 67.3 74.4 71.3 79.0 80.4 82.1
E5 Hierarchical (D— W) Self-Gen v 68.3 74.0 76.2 78.0 79.2 82.1
E5 Hierarchical (R— W) Full X 62.3 72.2 77.0 80.5 82.3 78.6
E5 Hierarchical (R— W) Last3 X 63.2 71.6 77.2 80.3 81.6 78.9
E5 Hierarchical (R— W) Last2 X 64.2 72.8 71.7 80.4 81.5 79.7
ES Hierarchical (R— W) Lastl X 65.2 72.8 77.2 79.8 81.1 80.1
ES Hierarchical (R— W) Self-Gen X 65.7 70.8 73.4 75.4 77.4 78.3
ES Hierarchical (R— W) Full v 64.4 75.1 80.9 82.8 83.6 81.5
ES Hierarchical (R— W) Last3 v 67.1 75.3 80.3 82.7 83.7 83.4
ES Hierarchical (R— W) Last2 v 67.7 76.1 80.6 82.6 83.3 83.9
ES Hierarchical (R— W) Lastl v 67.7 75.7 79.3 81.4 82.6 83.2
ES Hierarchical (R— W) Self-Gen v 68.9 76.5 79.5 81.3 82.2 84.3
E5 Hierarchical (D— R — W)  Full X 61.0 70.8 74.3 76.8 78.2 76.0
ES Hierarchical D— R — W)  Last3 X 62.0 69.8 73.7 76.1 77.4 76.1
ES5 Hierarchical D— R — W)  Last2 X 62.9 70.8 74.5 76.3 77.5 77.0
ES5 Hierarchical D— R — W)  Lastl X 63.5 70.9 74.4 76.3 77.5 77.3
E5 Hierarchical (D— R — W)  Self-Gen X 63.3 69.0 72.1 73.9 74.9 76.2
E5 Hierarchical (D— R — W)  Full v 64.1 75.6 80.3 81.9 82.8 81.0
ES Hierarchical D— R — W)  Last3 v 67.1 76.3 79.6 81.8 82.7 83.1
E5 Hierarchical (D— R — W)  Last2 v 68.2 76.7 80.3 82.0 82.9 84.1
E5 Hierarchical (D— R — W)  Lastl v 67.9 76.2 79.0 81.0 82.1 83.2
E5 Hierarchical (D— R — W)  Self-Gen v 68.6 76.5 78.6 80.3 81.3 83.5

Table 7: Detailed workflow retrieval performance with FLOWSWITCH (Code)
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Retriever  Strategy Query LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
BM25 Flat Retrieval Full X 64.2 72.0 74.9 76.3 77.6 78.8
BM25 Flat Retrieval Last3 X 65.3 72.3 74.7 76.1 77.2 79.6
BM25 Flat Retrieval Last2 X 66.5 72.1 74.4 76.2 77.0 80.3

BM25 Flat Retrieval Lastl X 67.2 71.8 74.0 75.7 76.5 80.5

BM25 Flat Retrieval Self-Gen X 68.4 72.6 74.5 75.2 75.5 81.6
BM25 Hierarchical (D— W) Full X 61.8 68.9 71.2 724 72.8 74.5

BM25 Hierarchical (D— W) Last3 X 62.7 68.9 71.0 72.0 724 75.0
BM25 Hierarchical (D— W) Last2 X 63.0 68.6 70.5 71.6 722 74.9
BM25 Hierarchical (D— W) Lastl X 63.5 68.0 70.3 71.2 71.6 74.9
BM25 Hierarchical (D— W) Self-Gen X 66.8 71.1 72.6 73.2 73.5 79.2
BM25 Hierarchical (D— W) Full v 65.2 71.2 74.2 76.1 77.2 78.8
BM25 Hierarchical (D— W) Last3 v 65.8 70.7 73.5 75.7 76.8 78.8
BM25 Hierarchical (D— W) Last2 v 66.1 70.9 73.3 75.5 76.7 79.0
BM25 Hierarchical (D— W) Lastl v 65.8 70.0 72.9 74.4 75.8 78.4
BM25 Hierarchical (D— W) Self-Gen v 66.9 724 74.4 75.5 76.3 80.2
BM25 Hierarchical (R— W) Full X 63.3 73.8 76.6 78.1 79.3 78.5

BM25 Hierarchical (R— W) Last3 X 63.8 72.8 754 76.7 71.9 78.0
BM25 Hierarchical (R— W) Last2 X 63.9 71.9 74.2 75.6 76.7 71.5

BM25 Hierarchical (R— W) Lastl X 64.1 69.7 72.0 73.6 74.8 76.3

BM25 Hierarchical (R— W) Self-Gen X 66.2 70.9 72.6 73.9 75.1 78.3

BM25 Hierarchical (R— W) Full v 66.3 754 79.6 81.6 82.5 82.6
BM25 Hierarchical (R— W) Last3 v 67.6 754 79.6 81.2 82.2 83.2
BM25 Hierarchical (R— W) Last2 v 68.1 753 79.2 81.1 82.0 83.4
BM25 Hierarchical (R— W) Lastl v 67.4 74.6 78.5 80.2 81.0 82.6
BM25 Hierarchical (R— W) Self-Gen v 67.3 74.8 78.3 79.7 80.9 82.3

BM25 Hierarchical (D— R — W)  Full X 61.8 69.3 71.8 72.5 73.1 74.6
BM25 Hierarchical (D— R — W)  Last3 X 62.7 69.2 71.6 72.1 72.7 75.1

BM25 Hierarchical (D— R — W)  Last2 X 63.0 68.8 70.8 71.5 72.3 74.9
BM25 Hierarchical D— R — W)  Lastl X 63.4 68.0 70.4 71.0 72.0 74.8
BM25 Hierarchical D— R — W)  Self-Gen X 67.0 71.2 72.7 73.3 73.6 79.4
BM25 Hierarchical (D— R — W)  Full v 65.9 74.8 78.8 80.7 81.7 81.8
BM25 Hierarchical (D— R — W)  Last3 v 67.3 75.1 78.5 80.3 81.3 82.6
BM25 Hierarchical (D— R — W)  Last2 v 67.6 74.6 78.3 80.5 81.3 82.7
BM25 Hierarchical D— R — W)  Lastl v 67.1 74.1 71.5 79.4 80.4 82.0
BM25 Hierarchical D— R — W)  Self-Gen v 66.9 74.5 77.6 79.1 79.9 81.6
E5 Flat Retrieval Full X 63.9 722 75.5 713 78.5 78.7
E5 Flat Retrieval Last3 X 64.7 71.5 74.9 77.2 78.8 79.0
E5 Flat Retrieval Last2 X 65.2 72.6 76.3 77.8 78.8 79.8
E5 Flat Retrieval Lastl X 65.8 72.6 76.0 77.2 78.7 80.0
E5 Flat Retrieval Self-Gen X 66.1 72.1 74.9 76.6 77.2 80.0
E5 Hierarchical (D— W) Full X 62.7 71.8 74.5 76.6 77.6 77.1

E5 Hierarchical (D— W) Last3 X 63.5 70.8 74.3 76.2 77.2 713

E5 Hierarchical (D— W) Last2 X 64.2 72.2 75.2 76.6 71.5 78.2
E5 Hierarchical (D— W) Lastl X 64.8 72.1 75.0 76.3 77.6 78.4
E5 Hierarchical (D— W) Self-Gen X 64.7 70.8 73.5 753 76.0 77.9
E5 Hierarchical (D— W) Full v 63.5 74.0 71.0 78.7 79.8 79.2
E5 Hierarchical (D— W) Last3 v 66.7 74.0 77.1 78.6 79.8 81.4
E5 Hierarchical (D— W) Last2 v 67.7 74.7 71.7 78.9 79.8 82.6
E5 Hierarchical (D— W) Lastl v 68.4 75.2 77.8 79.0 80.1 82.7
E5 Hierarchical (D— W) Self-Gen v 68.5 73.1 753 76.7 71.7 81.4
E5 Hierarchical (R— W) Full X 64.1 72.8 77.2 80.2 81.9 79.7
E5 Hierarchical (R— W) Last3 X 64.7 72.3 71.5 80.1 81.2 79.8
E5 Hierarchical (R— W) Last2 X 65.6 73.5 78.1 80.1 81.1 80.6
E5 Hierarchical (R— W) Lastl X 66.5 73.5 71.3 79.5 80.8 81.0
ES Hierarchical (R— W) Self-Gen X 66.5 72.2 74.8 76.3 71.7 79.3

ES Hierarchical (R— W) Full v 63.9 76.4 80.7 82.3 82.6 81.0
ES Hierarchical (R— W) Last3 v 67.1 77.2 80.0 82.0 82.5 83.2
ES Hierarchical (R— W) Last2 v 68.0 77.2 80.0 82.1 82.4 83.9
ES Hierarchical (R— W) Lastl v 68.9 77.1 79.7 81.5 81.9 84.0
E5 Hierarchical (R— W) Self-Gen v 69.5 76.2 79.2 80.7 81.4 84.0
ES Hierarchical (D— R — W) Full X 62.7 71.8 74.7 76.9 78.1 77.1

ES Hierarchical D— R — W)  Last3 X 63.6 70.8 74.3 76.4 71.5 71.3

ES5 Hierarchical D— R — W)  Last2 X 64.4 72.1 75.2 76.7 77.5 78.2
ES5 Hierarchical D— R — W)  Lastl X 65.0 72.0 74.9 76.4 71.5 78.5

E5 Hierarchical (D— R — W)  Self-Gen X 64.8 70.8 73.5 74.9 759 77.9
E5 Hierarchical (D— R — W)  Full v 63.7 76.0 79.5 81.3 82.0 80.5

E5 Hierarchical (D— R — W)  Last3 v 66.8 76.7 79.5 81.2 81.6 82.6
E5 Hierarchical (D— R — W)  Last2 v 68.0 772 79.7 81.3 81.8 83.6
E5 Hierarchical (D— R — W)  Lastl v 68.6 76.7 79.0 80.6 81.3 83.4
E5 Hierarchical (D— R — W)  Self-Gen v 69.1 75.7 78.4 79.5 80.4 83.1

Table 8: Detailed workflow retrieval performance with FLOWSWITCH (Flowchart)
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Retriever  Strategy Query LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP

BM25 Flat Retrieval Full X 61.2 67.9 71.5 73.7 75.3 74.6
BM25 Flat Retrieval Last3 X 62.2 68.1 71.2 73.4 74.7 75.1
BM25 Flat Retrieval Last2 X 63.0 68.6 71.2 73.2 74.5 75.7
BM25 Flat Retrieval Lastl X 63.5 67.8 70.4 72.6 73.9 75.5
BM25 Flat Retrieval Self-Gen X 66.8 70.7 72.8 74.0 74.9 79.7
BM25 Hierarchical (D— W) Full X 59.2 65.8 68.5 70.8 71.9 71.3
BM25 Hierarchical (D— W) Last3 X 59.9 65.6 68.3 70.3 71.8 71.5
BM25 Hierarchical (D— W) Last2 X 60.3 65.3 68.0 70.2 71.2 71.6
BM25 Hierarchical (D— W) Lastl X 60.6 64.9 67.7 69.7 70.5 71.6
BM25 Hierarchical (D— W) Self-Gen X 65.4 69.1 70.9 71.9 73.0 77.6
BM25 Hierarchical (D— W) Full v 59.5 64.7 67.5 69.5 71.2 71.0
BM25 Hierarchical (D— W) Last3 v 60.5 64.7 67.3 69.2 70.6 714
BM25 Hierarchical (D— W) Last2 v 61.0 64.9 67.6 69.3 70.9 71.7
BM25 Hierarchical (D— W) Lastl v 60.1 64.2 66.7 68.4 70.0 70.9
BM25 Hierarchical (D— W) Self-Gen v 62.5 65.6 67.5 69.6 71.2 73.8
BM25 Hierarchical (R— W) Full X 60.7 71.0 74.3 71.9 78.6 75.5
BM25 Hierarchical (R— W) Last3 X 614 70.3 73.5 76.4 71.3 753
BM25 Hierarchical (R— W) Last2 X 62.3 69.6 72.8 75.6 76.6 754
BM25 Hierarchical (R— W) Lastl X 62.6 68.6 71.8 73.7 74.7 74.7
BM25 Hierarchical (R— W) Self-Gen X 65.4 69.8 71.8 73.1 74.2 71.5
BM25 Hierarchical (R— W) Full v 62.2 70.1 74.4 78.0 80.4 77.1
BM25 Hierarchical (R— W) Last3 v 63.8 69.9 74.8 71.9 79.9 77.9
BM25 Hierarchical (R— W) Last2 v 64.3 70.2 74.5 71.7 80.1 78.4
BM25 Hierarchical (R— W) Lastl v 63.9 69.5 73.4 76.7 79.2 71.8
BM25 Hierarchical (R— W) Self-Gen v 64.5 70.1 73.8 712 79.0 78.2
BM25 Hierarchical (D— R — W)  Full X 59.3 66.7 69.7 72.0 733 71.9
BM25 Hierarchical (D— R — W)  Last3 X 60.0 66.4 69.4 71.7 72.6 72.0
BM25 Hierarchical (D— R — W)  Last2 X 60.4 66.2 69.0 71.3 72.0 72.1
BM25 Hierarchical D— R — W)  Lastl X 60.8 65.5 68.4 70.2 71.2 71.9
BM25 Hierarchical D— R — W)  Self-Gen X 65.6 69.3 71.1 72.5 73.4 71.9
BM25 Hierarchical (D— R — W)  Full v 61.8 69.8 74.2 71.8 80.3 76.6
BM25 Hierarchical (D— R — W)  Last3 v 63.2 69.4 73.8 774 79.7 713
BM25 Hierarchical (D— R — W)  Last2 v 63.9 69.3 73.6 774 80.3 78.0
BM25 Hierarchical D— R — W)  Lastl v 63.5 68.8 72.9 76.3 78.7 77.2
BM25 Hierarchical D— R — W)  Self-Gen v 63.7 69.4 73.0 76.5 78.5 71.5
E5 Flat Retrieval Full X 62.5 714 74.8 76.8 78.1 713
E5 Flat Retrieval Last3 X 63.4 71.2 74.7 76.9 78.4 77.9
E5 Flat Retrieval Last2 X 63.9 72.0 75.9 71.5 78.6 78.7
E5 Flat Retrieval Lastl X 64.6 71.8 75.8 77.2 78.5 79.0
E5 Flat Retrieval Self-Gen X 64.9 70.5 73.5 75.0 76.5 78.5
E5 Hierarchical (D— W) Full X 61.5 71.2 74.0 76.3 713 76.0
E5 Hierarchical (D— W) Last3 X 62.3 70.5 73.9 75.8 76.7 76.2
E5 Hierarchical (D— W) Last2 X 62.9 71.4 74.8 76.4 717.2 77.1
E5 Hierarchical (D— W) Lastl X 63.5 71.3 74.5 75.9 77.2 77.2
E5 Hierarchical (D— W) Self-Gen X 63.4 69.0 72.1 74.1 75.3 76.4
E5 Hierarchical (D— W) Full v 61.2 67.9 71.7 73.0 74.7 73.4
ES5 Hierarchical (D— W) Last3 v 62.3 68.4 72.1 74.2 76.0 74.9
E5 Hierarchical (D— W) Last2 v 62.8 69.6 72.9 75.2 76.8 75.6
E5 Hierarchical (D— W) Lastl v 64.0 70.0 73.3 753 76.7 76.8
E5 Hierarchical (D— W) Self-Gen v 64.0 68.5 70.9 72.5 73.7 74.6
E5 Hierarchical (R— W) Full X 62.7 72.4 76.7 80.2 81.7 78.5
E5 Hierarchical (R— W) Last3 X 63.4 72.1 71.3 79.9 81.1 78.8
E5 Hierarchical (R— W) Last2 X 64.2 72.9 77.9 79.8 80.8 79.4
ES Hierarchical (R— W) Lastl X 65.1 73.0 77.1 79.3 80.4 79.7
E5 Hierarchical (R— W) Self-Gen X 65.5 70.7 73.7 75.1 77.2 78.0
ES Hierarchical (R— W) Full v 62.3 73.5 77.8 81.2 82.2 78.3
ES Hierarchical (R— W) Last3 v 64.2 74.5 78.2 81.2 82.0 79.9
ES Hierarchical (R— W) Last2 v 65.1 74.7 78.7 81.0 81.6 80.4
ES Hierarchical (R— W) Lastl v 66.0 74.5 78.5 80.8 81.7 80.9
ES Hierarchical (R— W) Self-Gen v 65.8 72.1 74.6 77.0 79.3 78.6
ES Hierarchical D— R — W)  Full X 61.6 71.2 74.1 76.7 77.8 76.1
ES Hierarchical D— R — W)  Last3 X 62.3 70.5 74.0 76.1 77.1 76.2
ES5 Hierarchical D— R — W)  Last2 X 63.0 71.2 74.8 76.4 77.3 77.1
ES5 Hierarchical D— R — W)  Lastl X 63.7 71.2 74.4 76.0 77.1 77.2
E5 Hierarchical (D— R — W)  Self-Gen X 63.8 69.2 72.1 74.0 753 76.6
E5 Hierarchical (D— R — W)  Full v 62.1 72.3 76.3 79.2 81.3 71.5
E5 Hierarchical (D— R — W)  Last3 v 63.8 73.1 76.9 79.8 81.2 78.9
E5 Hierarchical (D— R — W)  Last2 v 64.9 74.1 77.8 79.9 81.1 79.8
E5 Hierarchical (D— R — W)  Lastl v 65.6 74.1 71.3 79.6 80.9 80.2
E5 Hierarchical (D— R — W)  Self-Gen v 65.4 70.6 73.5 76.0 78.2 71.7

Table 9: Detailed workflow retrieval performance with FLOWSWITCH (Summary)
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Retriever  Strategy Query LLM-Guided | Top-1 Top-2 Top-3 Top-4 Top-5 | MAP
BM25 Flat Retrieval Full X 59.9 67.1 71.2 73.2 74.9 74.4
BM25 Flat Retrieval Last3 X 61.3 67.7 70.9 73.1 74.5 75.3

BM25 Flat Retrieval Last2 X 62.6 67.9 71.1 73.0 74.5 76.0
BM25 Flat Retrieval Lastl X 62.7 68.3 71.1 72.6 74.0 76.0
BM25 Flat Retrieval Self-Gen X 63.8 69.1 71.4 72.9 74.2 71.7
BM25 Hierarchical (D— W) Full X 57.9 64.7 67.8 69.6 71.3 70.9
BM25 Hierarchical (D— W) Last3 X 59.1 64.6 67.8 69.4 70.7 71.4
BM25 Hierarchical (D— W) Last2 X 59.4 64.5 67.5 69.0 70.5 714
BM25 Hierarchical (D— W) Lastl X 60.0 64.5 66.9 68.5 69.7 714
BM25 Hierarchical (D— W) Self-Gen X 62.1 67.3 69.9 70.9 72.1 754
BM25 Hierarchical (D— W) Full v 61.6 69.9 73.5 75.5 76.8 76.8
BM25 Hierarchical (D— W) Last3 v 63.5 70.3 73.1 74.8 75.8 71.6
BM25 Hierarchical (D— W) Last2 v 63.7 69.9 72.7 74.4 75.6 774
BM25 Hierarchical (D— W) Lastl v 62.6 68.1 71.0 73.1 74.0 75.6
BM25 Hierarchical (D— W) Self-Gen v 62.8 68.1 70.5 72.1 73.1 76.1

BM25 Hierarchical (R— W) Full X 59.9 71.2 74.8 71.5 78.7 75.9
BM25 Hierarchical (R— W) Last3 X 61.1 70.2 734 76.0 774 75.9
BM25 Hierarchical (R— W) Last2 X 61.7 69.8 72.7 75.1 76.5 75.8
BM25 Hierarchical (R— W) Lastl X 61.5 68.1 71.0 72.7 74.0 74.4
BM25 Hierarchical (R— W) Self-Gen X 63.8 69.4 722 73.7 753 71.0
BM25 Hierarchical (R— W) Full v 63.9 74.4 78.8 80.9 81.7 81.1

BM25 Hierarchical (R— W) Last3 v 65.7 73.9 78.0 80.3 81.6 81.9
BM25 Hierarchical (R— W) Last2 v 66.6 74.2 719 80.6 81.6 82.5

BM25 Hierarchical (R— W) Lastl v 65.5 72.7 76.8 79.4 80.6 81.2
BM25 Hierarchical (R— W) Self-Gen v 65.1 72.0 76.3 78.6 80.1 80.5

BM25 Hierarchical (D— R — W)  Full X 58.1 65.6 68.8 70.3 71.9 714
BM25 Hierarchical (D— R — W)  Last3 X 59.3 65.4 68.6 70.0 71.1 71.8
BM25 Hierarchical (D— R — W)  Last2 X 59.6 65.5 68.4 69.6 70.8 71.8
BM25 Hierarchical D— R — W)  Lastl X 60.3 65.3 67.4 69.1 70.3 71.9
BM25 Hierarchical D— R — W)  Self-Gen X 62.6 68.0 70.3 71.2 72.5 75.9
BM25 Hierarchical (D— R — W)  Full v 63.0 73.7 779 80.2 81.6 80.1

BM25 Hierarchical (D— R — W)  Last3 v 65.2 73.2 713 79.8 81.3 81.2
BM25 Hierarchical (D— R — W)  Last2 v 65.7 73.6 717.1 79.5 81.0 81.5

BM25 Hierarchical D— R — W)  Lastl v 64.7 72.5 76.3 78.7 80.4 80.4
BM25 Hierarchical D— R — W)  Self-Gen v 64.5 71.3 752 77.8 79.6 79.6
E5 Flat Retrieval Full X 61.0 69.9 73.4 75.5 77.1 76.6
E5 Flat Retrieval Last3 X 62.2 70.3 73.8 75.9 71.5 71.5

E5 Flat Retrieval Last2 X 62.3 71.2 74.9 76.7 77.8 78.1

E5 Flat Retrieval Lastl X 63.5 71.2 74.7 76.2 77.6 78.5

E5 Flat Retrieval Self-Gen X 63.9 69.8 72.7 74.4 75.7 78.4
E5 Hierarchical (D— W) Full X 60.0 69.8 73.1 75.7 76.7 754
E5 Hierarchical (D— W) Last3 X 60.9 69.5 73.0 75.0 76.2 75.8
E5 Hierarchical (D— W) Last2 X 61.3 70.5 74.0 75.6 76.6 76.5

E5 Hierarchical (D— W) Lastl X 62.4 70.4 73.6 753 76.6 76.9
E5 Hierarchical (D— W) Self-Gen X 62.1 68.1 71.1 73.1 74.3 76.0
E5 Hierarchical (D— W) Full v 60.5 67.4 70.6 73.3 75.5 74.1

E5 Hierarchical (D— W) Last3 v 62.5 69.0 72.2 74.1 75.5 76.3

E5 Hierarchical (D— W) Last2 v 62.4 69.6 73.7 753 71.0 76.9
E5 Hierarchical (D— W) Lastl v 63.5 70.5 73.7 75.5 76.8 77.6
E5 Hierarchical (D— W) Self-Gen v 64.4 70.6 72.3 74.2 75.7 78.3

E5 Hierarchical (R— W) Full X 61.2 71.1 75.8 79.4 81.1 77.9
E5 Hierarchical (R— W) Last3 X 62.3 71.3 76.2 79.0 80.3 78.4
E5 Hierarchical (R— W) Last2 X 62.6 72.2 77.0 79.2 80.3 78.8
E5 Hierarchical (R— W) Lastl X 64.1 72.2 76.2 78.8 79.9 79.4
ES Hierarchical (R— W) Self-Gen X 64.2 70.1 73.0 74.7 76.6 77.5

ES Hierarchical (R— W) Full v 60.6 72.0 78.7 81.3 82.1 71.9
ES Hierarchical (R— W) Last3 v 62.6 72.7 78.4 80.8 81.6 79.3

ES Hierarchical (R— W) Last2 v 62.8 73.0 78.6 80.5 81.5 79.5

ES Hierarchical (R— W) Lastl v 63.5 73.4 78.0 79.9 81.0 79.6
ES Hierarchical (R— W) Self-Gen v 65.9 72.4 76.8 79.1 80.2 81.0
ES Hierarchical D— R — W)  Full X 60.0 69.8 73.3 76.0 71.2 75.4
E5 Hierarchical (D— R — W)  Last3 X 61.0 69.4 73.0 75.2 76.5 75.8
E5 Hierarchical (D— R — W)  Last2 X 614 70.4 74.0 75.6 76.6 76.5

E5 Hierarchical (D— R — W)  Lastl X 62.6 70.3 73.5 75.5 76.6 76.9
E5 Hierarchical (D— R — W)  Self-Gen X 62.3 68.2 714 73.2 74.4 76.0
E5 Hierarchical (D— R — W)  Full v 60.8 714 77.8 80.2 81.3 71.5

E5 Hierarchical (D— R — W)  Last3 v 63.1 72.6 71.7 80.0 80.8 79.2
E5 Hierarchical (D— R — W)  Last2 v 63.3 73.7 78.1 79.8 80.8 79.6
E5 Hierarchical (D— R — W)  Lastl v 64.3 74.1 71.6 79.1 80.4 80.1

E5 Hierarchical (D— R — W)  Self-Gen v 65.4 71.8 75.8 78.5 79.8 80.2

Table 10: Detailed workflow retrieval performance with FLOWSWITCH (Text)
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