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Abstract

Automated service agents require well-
structured workflows to deliver consistent
and accurate responses to customer queries.
However, such workflows are often undocu-
mented, and their automatic extraction from
conversations remains largely unexplored. In
this work, we present a novel framework for
extracting and evaluating dialog workflows
from historical interactions. Our extraction
process involves two key stages: (1) a retrieval
step to select relevant conversations based on
key procedural elements, and (2) a structured
workflow generation step using question-
answer-based chain-of-thought (QA-CoT)
prompting. To comprehensively evaluate
the quality of the extracted workflows, we
introduce an automated simulation framework
with agent and customer bots that measures
their effectiveness in resolving customer issues.
Extensive experiments on the ABCD and
SynthABCD datasets show that our QA-CoT
technique improves workflow extraction by
12.16% in average macro accuracy over the
baseline. Moreover, our evaluation method
closely aligns with human assessments,
offering a reliable and scalable framework for
future research.

1 Introduction

LLMs are transforming customer service by en-
abling automated bots to respond accurately and
consistently to customer inquiries. These bots rely
on well-structured workflows to guide interactions,
ensure efficient issue resolution, and maintain ad-
herence to company policies (Brown, 2023). How-
ever, high-quality workflows are scarce, making it
difficult to ensure agent consistency and quality.
Traditional workflow creation methods typically
depend on manual efforts (Bohus and Rudnicky,
2009; Mosig et al., 2020; Mehri and Eskenazi,
2021; Chen et al., 2021b; Zhao et al., 2023; Robino,
2025), which are time-consuming, prone to becom-

User: My email address is salma.hussein@example.com, my order ID is
789012, and my username is salmah123.
Agent: Thank you for the information. Let me check the system for any
errors related to your purchase. One moment, please.
Agent: | have verified the details, and it Agent: It appears that
appears that the error is valid. | will process  the error is not valid.
a refund for you. Is there anything else | can Could you please tell me
assist you with today? your membership level?
Workflow snippet:
e Ifthe error is valid, offer (or process) to refund.
e If the error is not valid (customer is wrong), ask the customer
for their membership level.

Figure 1: An example showing the derivation of a work-
flow from historical conversations. Full workflow is
shown in Figures 3 and 5.

ing outdated, and often fail to capture the full com-
plexity of real-world interactions. Importantly, pro-
cedural knowledge is implicitly embedded in past
customer-agent conversations. For example, Fig-
ure 1 illustrates a workflow segment derived from
two conversations involving different customer sce-
narios. Yet, extracting and structuring this informa-
tion remains an underexplored challenge. Automat-
ing workflow extraction from conversations offers a
promising solution by transforming implicit knowl-
edge into structured, reusable guidelines for both
human agents and Al systems.

In this paper, we propose a novel two-step
pipeline for automatically extracting dialog work-
flows from customer-agent interactions. These con-
versations often contain noise, such as agents com-
bining multiple steps or sequencing them incor-
rectly. Moreover, customer interactions typically
cover only a subset of the established rules, making
it difficult to capture a complete workflow. To ad-
dress these challenges, our pipeline first enhances
the retrieval process by identifying key procedural
components (Figure 2)—including intents, slot val-
ues, and resolution steps—and leveraging them to
select the most relevant conversations while filter-
ing out non-compliant ones.

In the second step, we introduce a structured
QA-based chain-of-thought (QA-CoT) prompting
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"intent”: "Customer wants to refund an order before shipping.”,
"slot_values”: {
"full_name": "Chloe Zhang",
"username": "czhang94",
"email”: "czhang94@email.com”,
"order_id": "1553732700",
"refund_method”: "original credit card"”,
"shipping_status”: "not shipped”
3,
"resolution_steps”: [
"Agent asked for the customer's full name.”,
"Agent requested the username, email, and order ID.",
"Agent asked how the customer would like the refund processed.”,
"Agent inquired about the account ID.",
"Agent asked about the shipping status of the order.”
]

Figure 2: An example of procedural elements extracted
from a conversation by the GPT-40-mini LLM.

technique to systematically extract workflows from
large conversation datasets. Extracting workflows
at scale is challenging, as it requires capturing all
critical decision points and ensuring their correct or-
der within the workflow. Our QA-CoT approach ad-
dresses this by simulating an interactive exchange
between a Guide and an Implementer agent. The
Guide examines key aspects of the workflow, in-
cluding preconditions, decision points, and step
rationales, while the Implementer responds with
insights derived from historical conversations. This
structured QA process enables the LLM to focus on
each decision point in isolation, ensuring that all es-
sential procedural elements are accurately reflected
in the final workflow.

Another key contribution of our work is a robust
multi-step evaluation pipeline for dialog workflows,
featuring an end-to-end methodology that closely
aligns with human assessments. We simulate inter-
actions between a service agent bot (equipped with
the predicted workflow and relevant system data)
and a customer bot (provided with the intent and
user-specific details). After the conversation con-
cludes, we evaluate task success by comparing the
outcome produced using the predicted workflow
with the expected outcome derived from the ground
truth workflow (see Figure 5b for an example).

We evaluate our proposed QA-CoT method
against standard prompting strategies using the
ABCD (Chen et al., 2021b) dataset and an LLM-
generated variant, SynthABCD. While ABCD orig-
inally grounds conversations in predefined dialog
workflows, we repurpose it for the task of extract-
ing workflows from conversations. To eliminate
human-induced errors present in ABCD conversa-
tions, we generate SynthABCD using LLMs, en-
suring error-free dialogues that adhere strictly to
the same workflows. This enables controlled and

reliable evaluation under an idealized setting.

Our QA-CoT method outperforms other prompt-
ing strategies across multiple LLMs, including
GPT-40, Opus, Sonnet, and Gemini. For exam-
ple, on the ABCD dataset, it achieves an 11.81%
improvement over the baseline with GPT-40. More-
over, incorporating explicit QA-CoT reasoning en-
hances the performance of state-of-the-art reason-
ing models such as OpenAl o1, ol-mini, 03-mini,
and DeepSeek-R1 (Guo et al., 2025) across both
datasets.

2 Related Work

Dialog workflows are a specialized form of pro-
cedural knowledge. While workflow extraction
has received little attention, automatic procedural
extraction has been widely studied, primarily fo-
cusing on “how-to” documents (Schumacher et al.,
2012; Maeta et al., 2015; Chu et al., 2017; Park and
Nezhad, 2018) and instructional videos (Ushiku
et al., 2017; Zhou et al., 2018; Xu et al., 2020a).
These works typically model linear sequences of
explicitly stated actions, aiming to either predict
procedural steps or generate summaries of task ex-
ecution (Koupaee and Wang, 2018). In contrast,
our work tackles dialog workflows, where actions
are often implicit and depend on previous steps,
user inputs, and system responses. This introduces
decision-dependent variability, making extraction
significantly more challenging than predicting fixed
procedural sequences.

Specific to dialog systems, there has been ex-
tensive research on studying structures in task-
oriented dialogs (Jurafsky and Shriberg, 1997;
Chotimongkol, 2008; Shi et al., 2019; Xu et al.,
2020b; Chen et al., 2021a; Nath and Kubba, 2021;
Wang et al., 2021; Rony et al., 2022; Lu et al., 2022;
Qiu et al., 2022; Yin et al., 2023; Pryor et al., 2024;
Burdisso et al., 2024), focusing on how dialogs
evolve using dialog acts, intent-slot pairs, or turn-
level dependencies. Our work parallels workflow
discovery (Hattami et al., 2023; Raimondo et al.,
2023; Min et al., 2023), which aims to predict the
optimal next dialog action from the conversation’s
current state and all available actions. However, un-
like this, we focus on extracting global workflows
applicable across conversations for a specific intent.
This increases the complexity of the task, as the
model must filter out noisy actions, and consolidate
multiple potential actions sequences from different
conversations. Additionally, we also propose a new
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First, ask the customer for their "Full Name' or ‘Account ID' to pull up account.

After getting the 'Full Name® or "Account ID', ask the customer for their 'Email Address’,
‘Order ID', and 'Username' to validate purchase.

After getting the Email Address, Order ID and Usemname, check system if the error is valid.
If the error is not valid (customer is wrong), ask the customer for their Membership level.

If the Membership level is 'Silver’ and the error is not valid, apologize to the customer and
tell them that you can not do anything.

If the Membership level is 'Bronze’ and the error is not valid, apologize to the customer and
tell them that you can not do anything.

If the Membership level is 'Guest’ and the error is not valid, apologize to the customer and
tell them that you can not do anything.

If the Membership level is Gold, offer (or process) to refund

If the error is valid, offer (or process) to refund.

intent": ".....",
slot_values": {membership_level: gold},
resolution_steps": [
"Agent asked for the customer's Full Name.”,
"Agent requested the username, email, and order ID.",
"Agent asked the membership level",
"Agent processed the refund.”)

"intent": "Customer complains
about an item.....",
“slot_values": {..},
“resolution_steps": [

"Agent asked for the customer's
Account ID.",

"Agent requested the username,
email, and order ID.",

"Agent asked for the
membership level.",

"Customer confirmed
membership level as Silver.”]

"intent": ".....",

"slot_values": {..},

“resolution_steps": [
"Agent asked for the customer's Full Name.”,
"Agent requested the username, email, and order ID.",
"Agent found system error and processed the refund.”]

(@)

Customer: Hi, I'm seeing an order that | "intent”: "Customer wants to return a damaged item.",

didn't make. “slot_values":{
Agent: Hil 'm happy to help with that. "account_id": "123456",
Could you please provide me with your }

"resolution_steps™ [

account ID so | can pull up your account? -
"Agent asked for the account ID.",

Customer: Sure, it's 123456.

o ) ]
o=l —
Soge O
Procedural gb
El its
O Exiracton
X P dural
Conversations E’T:;ex:
(|
Retrieval
based on
procedural
= smiartyto
centroid
Retrieved

Conversations

(b)

Figure 3: (a) An example workflow with procedural elements for 3 of the 10 possible distinct sub-flows. Sub-flows
and their procedural elements are color-coded to match. (b) Steps in our proposed procedural element-based retriever.
An example of complete procedural elements extracted from a conversation is shown in Figure 2.

- Gold members have unlimited time for returns.

inform the customer that a return cannot be processed.

Guide: What additional details are required to validate the customer's purchase?
Implementer: The agent must ask for the username, email address, and order ID to validate the purchase.
Guide: How does the customer's membership level impact the return process?
Implementer: The customer's membership level determines the return policy duration:
- Guest membership requires returns within 30 days with receipt.
- Bronze membership allows returns within 90 days or with original packaging.
- Silver membership permits returns within six months.

Guide: What should the agent do if the return is past the allowable period for the customer's membership level?
Implementer: If the return period has passed, the agent should check if the customer has the original receipt and packaging. If not, they politely

Figure 4: A snippet of the QA chain-of-thought generated by the GPT-40 model for the return_color intent using
conversations from the ABCD data. The extracted QA pairs highlight key preconditions based on membership level.

QA-CoT prompting method for workflow extrac-
tion and introduce a robust end-to-end evaluation
framework to assess the accuracy of the extracted
workflows.

3 Dialog Workflow Extraction

The dialog workflow extraction task aims to iden-
tify and organize all essential steps required to re-
solve customer issues across various scenarios into
structured guidelines. For example, Figure 3a illus-
trates a workflow for handling customer complaints
about a bill they never purchased, while Figure 5a
shows the corresponding state machine diagram,
highlighting different sub-flows. These sub-flows
account for scenarios such as assisting gold, sil-
ver, guest, or bronze members; addressing cases
with or without system errors; and accommodating
customers who provide either their full name or
account details. In this example, the goal is to gen-
erate a workflow that comprehensively captures all
variables, including membership levels, the pres-

ence of system errors, and the type of customer
information available.

We focus on two key aspects to improve dialog
workflows extraction: retrieval, which involves se-
lecting the most relevant historical conversations
for the task, and extraction, which uses a structured
QA-CoT prompting approach to derive workflows
from the selected conversations.

3.1 Procedural Element-based Retrieval

Our goal is to extract all valid step sequences for
resolving customer issues, ensuring comprehensive
scenario coverage while filtering out incorrect or
noisy conversations. Since our focus is on the un-
derlying process instead of surface-level dialogs,
we propose a two-step selection strategy. First, we
extract key procedural elements—such as intent,
relevant slot values, and the resolution steps taken
by the agent—from each conversation using GPT-
40-mini (example in Figures 2 and 3a, prompt
in Figure 10). This ensures selection is based on
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lask Full Name
No system error | [No system error
Bronze Member | [Guest Member

lask Account ID

lask Account ID
System error

lask Account ID
v v

INo system error
STEP 1 [Bronze Member

lask Full Name
INo system error
Silver Member

INTENT: The customer has a problem
on their bil because they never bought
anything in the first place.

Predicted Workfiow
First, ask the customer for their ‘Account 1D to pull up agcount,
|Atar gatting tha 'Account IDY, ask the customar for their "Email Address’, ‘Order IDY, and

[askACCDUNT\D } [ ask FULLNAME }

USER INFORMATION: Full
[Name, Username, Order ID

lask Account ID
INo system error
Silver Member
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INo system error
(Guest Member

Level: Gold

[Usemame’ to validats purchase,
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ask EMAIL, USERNAME and ORDER ID
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No system error
(Gold Member

|ask Full Name

INo system eror
System error ¥

|Gold Member

‘ask Full Name

check SYSTEM for
ERROR

{ask MEMBERSHIP LEVEL} [ process REFUND

STEP 2 STEP3

NO
ERROR

VALID
ERROR

USER INFORMATION
Full Name

Username

Order ID

Membership Level: Gold

SYSTEM INFORMATION
Na Error

SUCCESS CRITERIA

Refund Approved

GOLD MEMBER

| REFUND |
DENIED
o

Reference Workflow

SILVER MEMBER

(a)

oy

Hi, | just checked my bill, and there's a charge for something |
never even bought. | have no idea why it's there.

User Bot 1am sorry to hear that! Il be happy to look into this for you. Can
you provide me with your Account ID?
I da not have my account ID. Can | provide you
'some other information?
I am sorry, but | can't pul up your account and check order details

without Account ID. Please call us back when you have the account ID. ‘

Agent Bot

[DONE]

SUCCESS CRITERIA — ¢ :

Evaluate Dialog Success

(b)

1d not resolve

Figure 5: (a) Flowchart of the workflow in Figure 3a, illustrating 10 possible customer scenarios [Step 1, E2E
pipeline], along with an example of user information, system information, and the success criteria for one scenario
[Steps 2 and 3]. (b) Simulation of the user (system) bot based on intent and user information (system information
and the predicted workflow) [Step 4], followed by a final evaluation of dialogue success [Step 5].

procedural content rather than surface-level dialog.

Next, we embed each conversation using its ex-
tracted key procedural elements with the OpenAl
‘text-embedding-3-small’ model, then we cluster
and compute the centroid for each intent. We then
select the top-K conversations closest to each cen-
troid using cosine similarity, ensuring the chosen
conversations represent the most commonly fol-
lowed resolution steps (Figure 3b). By focusing
on key procedural elements rather than full conver-
sations, we retain meaningful process information
while filtering out noise. As we demonstrate in
Section 6.1, directly clustering full conversation
embeddings captures extraneous details and conver-
sational variability, leading to significantly lower
performance compared to procedural element em-
beddings.

While this approach effectively captures fre-
quent resolution steps, it may reduce diversity.
Given the inherent noise in conversations, distin-
guishing between true procedural variations and
spurious deviations remains a challenge for LLMs.
Our strategy prioritizes common procedural pat-
terns while minimizing noise, enabling more reli-
able workflow extraction.

3.2 QA-CoT for Workflows Extraction

A naive approach to extracting workflows is to
use simple prompting with retrieved conversations.
However, this often results in workflows that lack
fine-grained details. For instance, in the example
workflow shown in Figure 3a, the generated work-
flow might rigidly follow a sequence by checking

for errors first and then asking the membership
level even when a system error occurs.

To address these limitations, we propose QA-
CoT, a structured framework inspired by multi-
agent debate and collaboration systems (Du et al.,
2023; Zhang et al., 2024; Musumeci et al., 2024;
Hu et al., 2025). In QA-CoT, a Guide-Implementer
interaction generates QA pairs (example in Fig-
ure 4, prompt in Figure 18) to capture fine-grained
procedural knowledge. The Guide formulates tar-
geted questions based on past conversations, fo-
cusing on clarifying preconditions, decision points,
and logical dependencies. For instance, in the ex-
ample workflow shown in Figure 3a, the Guide
would explicitly ask: “What is the next step if there
is a system error?” and ‘“What is the next step if
there is no system error?” The Implementer, using
the same past conversations, provides detailed re-
sponses, such as “asking for the membership level”
or “processing a refund” based on the scenario.
To improve workflow extraction, we augment his-
torical conversations with the Guide-Implementer
exchange and prompt the LLM (Figure 19) to gen-
erate workflows that incorporate fine-grained pro-
cedural details.

We experimented with two approaches for sim-
ulating this interaction. The first is multi-turn
prompting, where the Guide and Implementer take
turns. The Guide asks a question, and the Imple-
menter provides a response. This process continues
until the Guide has no further clarification ques-
tions or a maximum of 25 turns is reached. The
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second approach generates the entire exchange in
a single pass. Empirically, the single-pass method
yields superior results with GPT-40 (see Table 4),
while also being computationally efficient. Given
our large-scale experiments across 8§ LLMs and two
datasets, we adopt the single-pass strategy.

4 Dialog Workflow Evaluation

Evaluating workflow requires careful attention to
the relationships and dependencies between con-
stituent steps to ensure the predicted workflow
aligns with the expected decision-making process.
We encountered significant challenges in perform-
ing this evaluation at the workflow level, primarily
due to the complex dependencies between steps
that are difficult to assess consistently. In an ini-
tial study, we asked human annotators to evaluate
whether each step in the ground-truth workflows
was accurately represented in the predicted work-
flows, using a set of 10 LLM-extracted workflows.
The results showed moderate inter-annotator agree-
ment, with a Cohen’s x score of 0.45, highlighting
the difficulties even humans face in identifying nu-
anced procedural differences.

To address these challenges, we propose an end-
to-end (E2E, Figure 5) evaluation framework that
works in five stages':

* Decomposing Workflows into Sub-flows: We first
decompose each workflow into its constituent
sub-flows. As shown in Figure 5a (Step 1), this
process involves extracting all 10 possible paths
from START to END, which result from varia-
tions in membership levels, the type of user input
(full name or account ID), and the occurrence of
system errors. This approach ensures compre-
hensive coverage of all decision branches in our
evaluation (prompt shown in Figure 11).

* Generating User and Agent Bot Information:
Next, we map each sub-flow to the relevant user
and system information required for bot simu-
lation. In the subflow highlighted in red in Fig-
ure Sa (Step 2), the user bot should provide only
their full name, username, order ID, and member-
ship level (e.g., silver), while the agent bot has
access to internal systems that confirm no error
occurred on the company’s end (prompt shown
in Figure 13).

'We also explores alternative evaluation strategies such as

QA-based evaluation (Fabbri et al., 2021). These strategies

proved less effective than our proposed E2E approach and are
discussed in detail in Appendix D.

* Defining Success Criteria: We further link each
sub-flow to a success criterion, which represents
the expected outcome of the conversation if the
agent follows the ground-truth workflow. In the
sub-flow highlighted in red in Figure 5a (Step 3),
the agent is expected to approve the user’s refund
request (prompt shown in Figure 13).

* Dialog Simulation: Next, we simulate interac-
tions between a customer bot and a service agent
bot, where the customer bot conveys intent and
provides user-specific details, while the agent bot
utilizes system data and acts according to the
predicted workflow. The customer bot responds
strictly to explicit agent’s requests or seeks al-
ternatives when unable to provide the requested
information. Meanwhile, the agent bot executes
the predicted workflow by requesting data (e.g.,
asking for a username), performing actions (e.g.,
issuing refunds, checking system information),
or terminating the conversation if no further steps
are possible. The interaction ends when the agent
either completes the workflow successfully or
cannot proceed due to missing information (see
Figure 5b, prompts in Figures 15 and 16).

e Success Evaluation: Once the conversation ends,
we evaluate whether the simulated interaction
meets the success criteria. For instance, in Fig-
ure 5b, the interaction fails because the user bot
was unable to provide the account ID (prompt
shown in Figure 14).

We evaluated the accuracy of our E2E simula-
tion pipeline and found that the overall accuracy
across steps 1 to 4 was 94.81%. Moreover, step 5
exhibited strong alignment with human evaluation,
achieving a Cohen’s Kappa score of 0.92. These
results suggest that our E2E evaluation closely
mirrors human judgments (for details, see Ap-
pendix B).

5 Experimental Settings

5.1 Dataset

We use two datasets in our evaluations: the human-
developed ABCD and the LLM-synthesized Syn-
thABCD. The ABCD dataset is inherently noisy
(Appendix C.3), as conversations were generated
through human interactions between a customer
and a support agent. This process introduced incon-
sistencies, such as customers providing information
before being prompted and agents deviating from
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workflows by reordering, skipping, or merging
steps. While these variations reflect real-world in-
teractions, they complicate workflow extraction. To
address these issues, we create SynthABCD, a syn-
thetic dataset derived from ABCD workflows using
an LLM. SynthABCD reduces noise by strictly
following predefined workflows, thereby enabling
more accurate evaluation of LLMs’ workflow ex-
traction capabilities.

In the first step of the SynthABCD synthesis, we
use the same step 1 from E2E evaluation framework
to generate all possible sub-flows. Next, we pair
each subflow with the corresponding workflow to
guide the LLM in simulating several conversations
between a customer and an agent for each subflow.
Additional data details, such as the intents used for
ABCD and SynthABCD and human evaluation for
SynthABCD, are discussed in Appendix C.

5.2 Conversations Retrievers

We evaluate our procedural element similarity-
based retrieval strategy (Proc-Sim) against three
baselines: random selection, procedural element
diversity-based retrieval (Proc-Div), and conver-
sation similarity-based retrieval (Conv-Sim). For
Conv-Sim, we follow the same procedure as Proc-
Sim but use full conversation embeddings instead
of procedural element embeddings. For Proc-Div,
our goal is to enhance the diversity of the selected
conversations while filtering out noise. We begin
by removing noisy conversations, excluding those
in the lowest 10th percentile based on cosine simi-
larity to the centroid of the procedural element em-
beddings. From the remaining set, we select one
conversation that is furthest from the centroid as
the initial candidate. Subsequently, we iteratively
select additional conversations that are maximally
distant from the centroid of the procedural elements
of the already selected set (Gonzalez, 1985).

5.3 Workflows Generation Method

We compare the performance of our proposed QA-
CoT model against several prompting techniques.

* Basic: We use a single-step prompt over se-
lected conversations to generate workflows di-
rectly (prompt in Figure 20).

» Reflection (Shinn et al., 2023): We build upon
Basic by identifying and addressing coverage
gaps in the workflow. After generating the ini-
tial workflow using basic prompting, a reflection

prompt is applied to identify missing steps or in-
consistencies, which are then refined to improve
the workflow iteratively (prompts in Figures 21
and 22).

* Plan (Wang et al., 2023): This approach first
prompts the LLM to devise a structured plan for
extracting workflows given the conversations and
then applies a second LLM prompt to execute the
plan and generate workflows from the same set
of conversations (prompts in Figures 23 and 24).

» Ensemble: We start by generating four workflows
using basic prompting, each based on a different
random order of conversations. The LLM then
evaluates these workflows, checking step-by-step
correctness based on cross-consistency among
them, and produces a final consolidated work-
flow by selecting the most consistent steps across
all versions (Chen et al., 2023) (prompt in Fig-
ure 25).

* QA-CoT+Reflect: We apply a reflection prompt
to the QA chain-of-thought generated through
the Guide-Implementer interaction, identifying
and refining missing questions before generating
the final workflow (prompt in Figure 26).

For consistency, we generate two workflows per
intent by randomly varying the order of input con-
versations, and report the average performance
across these two runs in all experiments. We eval-
uate performance using three metrics: macro ac-
curacy (the arithmetic mean of the percentage of
correct sub-flows per intent), micro accuracy (the
percentage of total correct sub-flows across all in-
tents), and #utt, which denotes the average number
of utterances in the simulated conversations.

6 Results and Analysis

6.1 Conversations Retrieval

For each conversation retrieval approach, we select
subsets containing 25, 50, 75, 100, and all conversa-
tions and prompt four LLMs (GPT-40, gemini-1.5-
pro, opus-3, and sonnet-3.5) to extract workflows.
We plot macro accuracy and micro accuracy for
each strategy, as shown in Figure 6.

Our results show that selecting a subset of
conversations consistently yields better perfor-
mance than using all available conversations,
highlighting that simply applying an LLM to the
entire dataset is not the most effective approach.
GPT-40 and Sonnet-3.5 achieve peak performance
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Figure 6: Performance comparison of conversation selection strategies (Proc-Sim, Conv-Sim, Random, and Proc-
Div) with varying numbers of selected conversations. Results are shown for four LLMs: gpt-40, gemini-1.5-pro,
opus-3, and sonnet-3.5, using E2E macro (solid lines) and micro (dashed lines) accuracies.

with 75 conversations, Opus-3 peaks at 25, and
Gemini-1.5-Pro performs best with 100.

Among the retrieval strategies, Proc-Sim is the
most effective for three of the four LL.Ms, and
consistently outperforms Conv-Sim, suggesting
that retrieval based on explicit procedural elements
is more reliable than relying on full conversation
embeddings. Gemini-1.5-Pro is the only model
that achieves its best performance with the random
selection strategy, indicating that it is less sensi-
tive to noise in the input conversations. In contrast,
Proc-Div consistently performs worse, highlighting
that prioritizing diversity can introduce noise from
real-world conversations. When exposed to a more
diverse but noisier set, the model may fail to iden-
tify the correct procedure and instead incorporate
outlier steps, resulting in reduced performance.

To evaluate different prompting techniques and
LLMs for workflow extraction, we adopt the best-
performing retrieval strategy and number of conver-
sations for each LLM individually (e.g., for GPT-
40, we use Proc-Sim with 75 conversations). We
use macro accuracy to select the best configuration,

as it accounts for differences in workflow complex-
ity by treating each workflow equally, rather than
favoring those with more sub-flows.

6.2 Workflows Generation

As shown in Table 1, all baselines (Reflection, Plan,
and Ensemble) fail to consistently outperform basic
prompting across LLMs. Notably, both Reflection
and Ensemble incorporate additional refinement
steps to improve workflow extraction; however,
these refinements do not consistently enhance per-
formance and may introduce noise. Similarly, Re-
flection prompting on QA-CoT fails to yield per-
formance gains, further reinforcing that refinement
steps may not always benefit workflow extraction.

On the other hand, QA-CoT outperforms al-
most all baselines on both the ABCD and Syn-
thABCD datasets, demonstrating that augmented
context with Guide and Implementer interaction
is beneficial for workflow generation. On average,
QA-CoT improves macro accuracy by 8.73% on
ABCD and 15.59% on SynthABCD. The most sig-
nificant improvement is observed on SynthABCD
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GPT-40 gemini opus sonnet
Method Macro  Micro #utt | Macro  Micro #utt | Macro  Micro #utt | Macro  Micro #utt
ABCD
Basic 46.74  44.96 8.69 42.80 36.51 7.89 45.15  40.82 9.99 45.68 41.0 8.86
Reflection 4443  42.09 8.51 37.14  35.61 8.51 50.89 45.86 1047 51.80 49.46 10.57
Plan 3729  38.30 7.71 41.0 38.12 6.75 3577 3291 7.90 37.56 3471 7.39
Ensemble 46.13  45.32 8.66 38.71  38.67 8.42 | 41.80 34.35 8.51 46.47 4244 9.29
QA-CoT 58.55 56.29 10.60 | 48.09 46.40 8.40 5236 5575 1192 56.28 5344 1149
+ Reflection 5545 5539 10.73 43,10 46.22 8.36 56.84 56.65 11.54 5444  54.67 10.56
SynthABCD
Basic 6891 61.95 8.71 7473 75.65 8.59 9143 9152 1229 51.23 4543 7.49
Reflection 5742 5261 8.24 61.90 6043 9.08 91.85 92.82 1247 49.14  41.08 7.68
Plan 7840  68.91 8.55 7277  70.65 7.97 74.85 70.21 9.07 73.02  70.65 9.32
Ensemble 84.31 81.30 9.62 81.13 79.78 10.41 78.70  73.26 9.21 5597 45.43 7.99
QA-CoT 86.53 86.08 11.96 84.04 81.96 9.70 89.73  90.21 12.27 88.38 86.73 10.46
+ Reflection 87.87 89.13 1228 76.59 73.91 9.89 87.12 8521 11.83 82.59 85.65 11.08

Table 1: Performance comparison of different workflow extraction systems.

#utt
10.58

Micro
96.97

Macro
96.93

Ground-truth Workflow

Table 2: Performance when ground-truth workflows are
used to simulate the system bot.

with the Sonnet model, where QA-CoT boosts
macro accuracy by 37.15%. On ABCD, it achieves
the highest gain of 11.81% with the GPT-40 model.
These improvements are consistent across open-
access LLMs (Appendix A.1), highlighting the ro-
bustness of QA-CoT in enhancing workflow extrac-
tion. Additionally, as discussed in Appendix A.2,
QA-CoT remains effective even when applied to
noisy, unfiltered conversation sets, yielding sub-
stantial gains over basic prompting.

There is one outlier: the Opus model on Syn-
thABCD, where Reflection prompting performs
better. Notably, Opus achieves near-optimal per-
formance in this setting, with a macro accuracy of
91.43%, while the upper bound—attained when the
agent bot follows the ground-truth workflow—is
96.93% (Table 2). Unlike predicted workflows,
which may introduce errors, the ground-truth work-
flow guarantees strictly correct actions, represent-
ing the theoretical performance ceiling.

We also observe that LLMs perform substan-
tially better on SynthABCD, underscoring their
ability to extract accurate workflows from clean,
error-free conversations. This finding highlights
the importance of accurate conversation selection
in enhancing workflow extraction performance.

Lastly, we observe that ground truth workflows
have an average of 10.58 utterances per conver-
sation (Table 2), whereas model-predicted work-
flows tend to produce longer interactions despite
lower accuracy. For example, the best-performing

predicted workflows, generated by Opus on Syn-
thABCD, average 12.47 utterances (1.89 more than
the ground truth) but achieve a macro accuracy that
is 5.08 points lower than that of the ground-truth
workflows.

Our results also reveal a positive correlation be-
tween macro accuracy and utterance count, sug-
gesting that higher-quality predicted workflows of-
ten result in longer conversations. However, this
trend may also reflect inefficiencies, for example,
when a model unnecessarily splits a correct step
into multiple substeps. Since the E2E metrics focus
on goal completion rather than interaction length,
such decompositions are not penalized. Therefore,
we recommend using utterance count as a comple-
mentary efficiency metric, favoring workflows that
achieve task completion in fewer steps when multi-
ple candidates exhibit comparable success rates.

6.3 Performance of Reasoning LLMs

In Table 3, we present the performance of four
reasoning LLMs (DeepSeek-R1, o1, ol-mini, and
03-mini) on both the ABCD and SynthABCD
datasets. We use 75 conversations selected us-
ing the Proc-Sim retriever. Our results show that
simply prompting a reasoning LLM does not
consistently improve performance. Among the
evaluated models, only 03-mini demonstrates a sig-
nificant improvement over non-reasoning LLMs
on ABCD, achieving performance levels close to
QA-CoT prompting with non-reasoning models.
Furthermore, applying QA-CoT with reasoning
LLMs consistently improves performance over
basic prompting across both datasets. This find-
ing highlights that explicit QA-based chain-of-
thought can benefit even reasoning LLMs in ex-
tracting dialog workflows.
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ol ol-mini 03-mini DeepSeek R1
Method Macro Micro  #utt | Macro  Micro #utt | Macro  Micro #utt | Macro Micro  #utt
ABCD
Basic 36.72 3597 7.70 4420 40.46 9.73 57.06 57.19 9.52 46.10 40.10 8.42
QA-CoT 39.0 33.09 8.0 60.74 64.74 12.05 61.20 61.51 11.26 47.24 44.06 7.89
SynthABCD
Basic 59.57 5239 7.65 69.57 67.39 10.56 79.50  78.91 9.14 65.26 51.52 7.50
QA-CoT 80.60 76.95 9.62 87.16 87.17 12.43 89.49 90.21 10.31 66.95 55.65 8.41

Table 3: End-to-End performance comparison of different reasoning LLMs.

To better understand the limitations in perfor-
mance improvement, we analyze both the thinking
process and final outputs of DeepSeek-R1 on the
ABCD and SynthABCD datasets (Figure 7). Our
analysis reveals that while the thinking tokens cap-
ture the general reasoning process, they often lack
fine-grained preconditions. For example, instead
of explicitly detailing the relationship between the
number of days and membership type when de-
termining return eligibility, the model generates a
generic statement such as “determine return eligi-
bility based on purchase date.” This omission can
lead to incomplete workflow extraction, as criti-
cal decision criteria such as a 6-month return win-
dow for silver members versus a 30-day window
for guest members are not captured. In contrast,
QA-CoT with GPT-40 includes these fine-grained
details, as shown in Figure 4.

7 Error Analysis

We manually reviewed all eight QA-CoT systems
to identify cases where they failed to handle all sce-
narios correctly (example in Figure 8). One com-
mon mistake was confusing system-available in-
formation with details that should be requested
from the user. This issue was particularly frequent
in shipping-related tasks, where models incorrectly
assumed they should check the shipping status in
the system instead of asking the customer. ol and
DeepSeek-R1 made this mistake in five intents,
while 03-mini was the only model that avoided it.
This error did not stem from the conversation data
but rather from the LLLM’s parametric knowledge,
as it appeared in both the ABCD and SynthABCD
datasets. Another common issue was models tend
to ignore alternative options. Instead of allow-
ing a choice, they often predicted only one option.
For example, when a workflow required asking for
either the “full name or the account ID”, models
typically picked just one (e.g., ask “full name”)
instead of keeping both possibilities. A third major
issue was failing to follow conditional logic at

branching points. For example, a workflow might
require asking for the membership level only if
there is no system error. However, predicted work-
flows often ignored this condition and included a
fixed sequence, combining steps incorrectly instead
of following the intended logic.

We observed two additional patterns that did not
affect accuracy but impacted efficiency. First, mod-
els often merged multiple steps into a single step,
particularly during the early steps in workflows.
For example, a workflow might specify sequen-
tial steps such as verifying the account ID or full
name, followed by email ID, order ID, and user-
name. Rather than maintaining these as distinct
steps, models frequently combined them, thereby
reducing the average number of utterances required
to resolve an issue. Second, when the original work-
flow allowed multiple conditions to proceed, such
as purchase date within 90 days, original receipt,
or original packaging, models tended to convert
this flexibility into a strict sequence. For instance,
instead of allowing any of the conditions to be
sufficient, models often predicted checking the pur-
chase date first, then asking about the receipt if the
date exceeded 90 days, and so on. Although these
behaviors do not reduce accuracy, they negatively
impact efficiency by increasing the number of ut-
terances compared to the ground-truth workflow.

8 Conclusion

We introduced a novel framework for extracting
and evaluating dialog workflows from historical
conversations. Our proposed QA-CoT prompting
approach outperforms standard prompting strate-
gies, yielding a 12.16% improvement in average
macro accuracy. Furthermore, the strong alignment
between our end-to-end evaluation and human as-
sessments highlights the robustness and reliability
of our evaluation framework. We believe this work
provides a robust foundation for structured work-
flow extraction and evaluation, and will encourage
future research to develop more effective methods.
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9 Limitations

Our workflow extraction and evaluation methods
are designed for Service Al agents. Although they
work well for this domain, applying them to more
complex domains may require some adjustments.
Additionally, our conversation selection method
groups conversations by intent. An extra step for
intent classification may be needed when intent
labels are unavailable.

Our E2E evaluation aligns closely with the hu-
man judgment, making it a reliable way to assess
the accuracy of workflows. However, for more
complex workflows in other domains, human eval-
uation can provide additional insights to further
refine the evaluation framework.

SynthABCD offers a controlled testing environ-
ment, ensuring consistent benchmarking. Although
it does not capture the full complexity of real-
world interactions, models that perform well on
SynthABCD provide a good starting point. To im-
prove robustness, we recommend additional testing
on real-world datasets such as ABCD to ensure that
the models perform well in diverse scenarios.
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<think>

required inputs, and specific conditions.

are 75 conversations, I'll look for patterns and repeated actions.

while gold members have unlimited returns.

be denied, especially for guests or lower-tier members.

Let me list out the steps:

. Collect customer's full name or account ID to access their account.

LI NI NI

for returns beyond standard period).
6. Collect the customer's shipping address to generate a return label.

</think>

Okay, let's tackle this problem. The user wants me to identify the steps necessary to resolve a customer's issue based on the provided
conversations. They specified that the steps should be essential, consolidated, and formatted as a numbered list with pre-conditions,

First, I need to go through all the conversations to understand the common steps agents take to resolve the return requests. Since there

Looking at the conversations, the first thing agents usually do is ask for the customer's name or account ID to pull up their account.
Then, they request the username, email address, and order ID to validate the purchase. Next, they check the membership level (guest,
bronze, silver, gold) because the return policy varies based on that. For example, guests might have a shorter return window,

Agents then verify the purchase date. If the purchase is beyond the standard return period for the customer's membership level, they
ask if the customer has the receipt or original packaging. If they do, the return is processed. Without the receipt, returns might

After confirming eligibility, the agent collects the customer's address to generate a shipping label. Finally, they ask how the
customer wants to process the return: by mail, in-store, or at a drop-off center.

I need to make sure all these steps are included, but without breaking them down by individual conversation. Also, pre-conditions
like membership level affecting return eligibility and required inputs like receipt or address should be mentioned.

. Obtain username, email address, and order ID to validate the purchase.

. Determine the customer's membership level (guest, bronze, silver, gold) to apply the appropriate return policy.

. Verify the purchase date to check if it's within the allowed return period for their membership level.

. If the purchase is outside the standard return period, check if the customer has the receipt or original packaging (pre-condition

7. Confirm the return method (mail, in-store, drop-off center) and provide instructions.
I should check if any steps are missing. For example, in some cases, if the customer doesn't have a receipt and it's past the return
period, the agent can't process the return. That's covered in step 5. Also, the return method is always asked, so step 7 is necessary.

Each step includes required inputs (like address) and conditions (membership level affecting return window).

Yes, this covers all the essential steps without unnecessary details. The list is consolidated and formatted as per the instructions.

Figure 7: A snippet of <think> tokens generated by the DeepSeek-R1 model for the return_color intent using
conversations from the ABCD data. Compared to the QA-CoT (Figure 4), think tokens lack fine-grained conditions

based on membership level.

Macro  Micro #utt
Multi-turn QA 5250  49.28 9.28
Single-turn QA 58.55  56.29  10.60

Table 4: Performance of multi-turn prompting and
single-pass prompting for simulating the Guide-
Implementer interaction. The single-pass approach
achieves better accuracy.

A Ablation Studies
A.1 Results for Open-Access LLMs

Table 5 shows results for three open-access LLMs
on both the ABCD and SynthABCD datasets.
Across all models and settings, QA-CoT consis-
tently outperforms the Basic method, demonstrat-
ing its robustness in both standard and synthetic
task environments. For example, on ABCD, QA-
CoT improves macro accuracy by more than 10
points for Qwen2.5-72B-Instruct and by 6 points
for Qwen2.5-7B-Instruct, while Llama-3.1-405B-
Instruct shows a more modest gain of approxi-
mately 2.7 points. On SynthABCD, where conver-
sations strictly follow workflows, Qwen2.5-72B-
Instruct shows substantial improvement, achieving
a macro accuracy of 90.88 with QA-CoT compared

to 65.67 with the Basic method.

A.2 Effect of Retrieval on QA-CoT prompting

Table 6 presents an ablation study comparing QA-
CoT prompting with and without retrieval across
four closed LLMs. QA-CoT consistently outper-
forms the Basic baseline, even without retrieval,
highlighting its robustness to outlier or noisy con-
versations. When paired with the Proc-Sim re-
triever, QA-CoT yields additional gains for GPT-
40, Gemini, and Opus, suggesting that relevant
conversational context can further enhance reason-
ing. For Sonnet, however, retrieval does not lead to
improvement, indicating that the model is already
robust to noise when using QA-CoT.

B Human Evaluations of E2E Framework

We evaluate the effectiveness of our E2E frame-
work using 18 distinct intents from the ABCD
dataset®. First, we manually assess the automatic
scenario construction process against ground-truth

2All annotators hold graduate degrees in computer science
and have over eight years of experience in NLP within industry
or academia.
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Llama-3.1-405B-Instruct Qwen2.5-72B-Instruct Qwen2.5-7B-Instruct
Method Macro  Micro #utt | Macro  Micro #utt | Macro  Micro #utt
ABCD
Basic 51.82 5233 1045 | 4324 38.66 890 | 3429 3399 8.73
QA-CoT | 54.49 55.03 11.05 | 5331 5287 11.69 | 40.39 37.58 9.72
SynthABCD
Basic 88.06 8935 10.74 | 65.67 57.61 8.73 | 57.30 56.30 9.96
QA-CoT | 91.01 90.65 11.26 | 90.88 91.73 12.04 | 6435 62.17 10.33
Table 5: End-to-End performance comparison of different open-access LLMs.
GPT-40 gemini opus sonnet
Method Macro  Micro #utt | Macro Micro  #utt | Macro Micro #utt | Macro  Micro #utt
Basicqy 40.63  36.87 7.87 36.06 32.19 744 36.55 33.81 8.28 42.15 3741 8.85
QA-CoTau 55.05 51.07 10.04 | 48.65 4532 896 | 57.88 5431 11.02 | 5746 56.11 10.86
QA-CoTretrieve | 58.55 5629 10.60 | 52.18 55.03 8.67 | 59.26 57.37 11.51 | 5567 54.85 11.25

Table 6: Ablation results comparing the effectiveness of QA-CoT prompting with and without retrieval across four
closed LLMs. Basic,;; denotes the baseline using all conversations with no QA-CoT prompting; QA-CoT,;; applies
QA-CoT prompting to all conversations without retrieval; QA-CoT,¢¢rieve applies QA-CoT prompting to the top-k
conversations retrieved by our Proc-Sim retriever, where the number of retrieved conversations is tuned individually

for each model based on validation performance.

1. Gather customer information:

- Full name

- Username

- Email address

- Order ID

2. Verify membership level and purchase date:

- Confirm membership level {(Guest, Bronze, Silver, Gold)

- Confirm purchase date to ensure it falls within the return window (30 days for Guest, 90 days for
Brenze, & months for Silver, unlimited for Gold)

3. Check for receipt or original packaging if outside the return window:

- I the purchase is outside the return window, confirm if the customer has the receipt or original
packaging.

4. Confirm return eligibility:

- If eligible, proceed with the return process.

- If not eligible, inform the customer and provide any alternative solutions if available.

5. Collect shipping address for the return label:
- Full address

6. Determine return method:
- Ask the customer if they prefer to return by mail, in stere, or at a drop-off center.

7. Generate and send the return label:
- Email the return label to the customer.

8. Provide instructions for the return:

- Inform the customer to print the label and attach it to the package.

- Provide any additional instructions based on the chosen return method.
9. Confirm completion and offer further assistance:

- Confirm that the return process has been initiated.
- Ask if there is anything else the customer needs help with.

Figure 8: Example showing errors in the extracted work-
flow. Instead of two steps ‘First, ask the customer for
their Full Name or Account ID to pull up account.” and
‘After getting the Full Name or Account ID, ask the
customer for their Email Address, Order ID, and User-
name to validate purchase.’, it combines them into one
and also exclude Account ID. It also merge the steps
ask ‘membership level” and ask ‘purchase date’ while
the ground-truth workflow requires asking membership
level first and then asking ‘purchase date’ or ‘original
receipt’ or ‘original packaging’ or ‘address’ depending
on the membership level.

workflows (Step 1, Figure 5a). Across these intents,
human annotators identified 231 possible scenar-
ios, while GPT-40 generated 230, of which 224
were correct. Next, we evaluate the mapping of

scenarios to customer information, system informa-
tion, and success criteria (Steps 2 and 3, Figure 5a).
Among the 224 correct scenarios, GPT-40 success-
fully generated all required details in 219 cases.
Across all three steps, GPT-40 achieved an over-
all accuracy of 94.81% (219 out of 231 scenarios),
demonstrating its effectiveness in capturing and
mapping essential workflow details for simulating
user and agent interactions.

Finally, to assess the LLM’s ability to evaluate
conversation success, two annotators manually la-
beled successful completions for 105 simulated
conversations. Inter-annotator agreement was high,
with a Cohen’s k of 0.966. Agreement between
GPT-40’s evaluations and human judgments was
also strong, with a Cohen’s s of 0.922. These re-
sults confirm the robustness of our E2E framework
for workflow evaluation.

C Dataset

C.1 ABCD Dataset

The original ABCD dataset contains 55 intents,
but we focus on 21 complex intents that involve
multi-step workflows and exclude the remaining
34. The excluded intents consist of non-procedural
issues—such as FAQs about products, pricing, tim-
ings, membership, or features—as well as simpler,
linear workflows. The selected 21 complex intents
include multiple sub-flows to handle diverse sce-
narios, such as varying membership levels.
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Intent Type #Scenarios ABCD  SynthABCD
refund_initiate simple 1

refund_update simple 1

refund_status simple 1

return_stain complex 18 v v
return_size complex 18 v

return_color complex 18 v
status_mystery_fee complex 10 v v
status_delivery_time complex 10 v v
status_payment_method complex 8 v v
status_quantity complex 8 v v
manage_upgrade complex 14 v v
manage_downgrade complex 26 v v
manage_create complex 26 v v
manage_cancel complex 26 v v
recover_username simple 1

recover_password simple 1

reset_2fa simple 1

status_service_added complex 10 v v
status_service_removed complex 8 v v
status_credit_missing complex 6 v v
manage_change_address simple 1

manage_change_name simple 1

manage_change_phone simple 1
manage_payment_method simple 1

bad_price_competitor simple 1

bad_price_yesterday simple 1

out_of_stock_general simple 1

out_of_stock_one_item simple 1

promo_code_out_of_date complex 12 v v
promo_code_invalid complex 12 v
mistimed_billing_already_returned | complex 10 v v
mistimed_billing_never_bought complex 10 v v
missing simple 1

cost complex 8 v v
status_due_amount simple 1

status_due_date simple 1

manage_pay_bill simple 1

manage_extension complex 8 v v
manage_dispute_bill complex 12 v v
credit_card simple 1

shopping_cart simple 1

search_results simple 1

slow_speed simple 1

Table 7: Intents used in E2E evaluation framework for the ABCD and SynthABCD datasets. return_stain, return_size
and return_color share the same workflow, as do promo_code_out_of_date and promo_code_invalid. Therefore, we

only use one from each group in SynthABCD.

C.2 SynthABCD Dataset

Among the 21 intents used in our E2E study, three
workflows are duplicates of each other, and two
others are also duplicates, resulting in a total of 18
distinct workflows. We focus on these 18 intents.
To introduce variability, we create 50 random user
profiles with varying attributes such as name, pro-
fession, and city of residence, generating two dis-
tinct synthetic conversations for each scenario. The
prompts used for converting workflows into scenar-
ios and for simulating conversations are provided
in Figures 11 and 12, respectively.

Our SynthABCD pipeline employs the same au-
tomatic scenario construction process as the E2E

framework. Across the 18 intents, human anno-
tation identified 231 possible scenarios, while the
GPT-40 model generated 230 scenarios. Of these,
224 were correctly extracted, yielding an accuracy
of 96.97%. With only one missed scenario and six
incorrect extractions, these results demonstrate the
effectiveness of our conversation synthesis process
and its applicability to new workflows. All intents
used in our evaluation are reported in Table 7.

C.3 Data Quality

We evaluate the compliance of conversations in
both the ABCD validation set and SynthABCD
with their corresponding ground-truth workflows
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Dataset F NA NF NC Conv.
ABCD 39.0% 57.07% 3.93% 28.57%
SynthABCD  43.56% 56.21% 0.22% 2.71%

Table 8: Data quality evaluation of ABCD and Syn-
thABCD datasets. F: followed, NA: not applicable, NF:
not followed, NC Conv.: non-compliant conversation

r’j
(comrn | ([ ]E XA

ask EMAIL, USERNAME and ORDER ID Position | E2E Accuracy
l <Em,r B ErrorA | 5/10=05
check SYSTé\M for Error B 0/10=0.0
ERROR
ERROR ‘L&:ﬁ‘#gg ErrorC | 810 = 0.80

[ ask MEMBERSHIP LE\'EL] [ protess REFUND

)g Error
N GOLD MEMBER or C

SILVER MEMBER "
REFUND
GUESTMEMBER | DEMNIED

Figure 9: Illustration of End-to-End (E2E) accuracy
evaluation. For this workflow, there are 10 scenarios
based on membership level, system error, and whether
the user can provide their full name or account ID. In
the case of error B, none of the scenarios can be com-
pleted successfully, resulting in an accuracy of 0. For
error A, only 50% of scenarios where the user provides
an account ID can be completed, yielding an accuracy
of 0.5. For error C, 2 scenarios fail, including those
for gold members with either account ID or full name,
resulting in an accuracy of 0.8.

using the GPT-40 model (prompt shown in Fig-
ure 17). For each conversation, we assess whether
each workflow step is followed, deemed not appli-
cable, or not followed. We also compute the per-
centage of non-compliant conversations, defined
as those that fail to follow at least one step in the
ground-truth workflow.

As shown in Table 8, the results reveal no-
table differences between the two datasets. In
ABCD, 39.0% of workflow steps are followed,
compared to 43.56% in SynthABCD. More impor-
tantly, the percentage of unfollowed steps (NF) is
significantly lower in SynthABCD (0.22%) than in
ABCD (3.93%), demonstrating the effectiveness of
controlled conversation synthesis. This reduction
in noise aligns with SynthABCD’s goal of enhanc-
ing data consistency. As a result, SynthABCD
achieves 97.29% compliant conversations, a sub-
stantial improvement over ABCD’s 71.43%, reflect-
ing its higher overall quality.

D Alternative Evaluation Frameworks for
Dialog Workflows

In addition to our primary E2E evaluation, we
explored several alternative frameworks to assess
step-level correctness in workflow reconstruction.
While these methods offer fine-grained insights,
they fail to capture the overall effectiveness of a
workflow and show low agreement with human
evaluations. In particular, approaches that evaluate
steps in isolation overlook dependencies across the
workflow, often leading to over- or underestimation
of practical performance. As illustrated in Figure 9,
not all errors carry equal weight—some, like error
B, may block all scenarios and result in 0% accu-
racy, while others, like error C, affect only a subset
of cases and reduce accuracy to 0.8. Step-level eval-
uations treat all errors uniformly, failing to account
for their actual impact on workflow execution. In
contrast, E2E evaluation offers a more accurate
and reliable measure, closely aligning with human
judgments and directly reflecting real-world util-
ity. Since workflows are ultimately judged by their
ability to guide complete processes, we adopt E2E
evaluation as our primary metric.

D.1 Evaluation Methods

D.1.1 Automatic QA Evaluator

We explored a QA-based evaluation framework
that measures the accuracy of each step in a work-
flow by verifying its correct dependence on pre-
conditions, such as the outcome of a previous step
(Fabbri et al., 2021). For example, if the ground
truth workflow includes a step to ask shipment sta-
tus’ followed by either ask membership level if the
product has shipped’ or ‘issue refund if the prod-
uct has not shipped,” our goal is to verify that the
predicted workflow reflects this conditional logic
accurately. To achieve this, we decompose ground-
truth workflows into atomic questions, such as: Q:
What is the next step after asking shipment status
if the product has not shipped? A: issue refund. Q:
What is the next step after asking shipment status if
the product has shipped? A: ask membership level.
By structuring evaluation in this way, we ensure
a step-wise correctness check while maintaining
consistency. We use the GPT-40 model both for
generating QA pairs from ground-truth workflows
and for evaluating the predicted workflows.
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D.1.2 Embedding Similarity

Embedding similarity method quantifies structural
and semantic similarity using cosine distance be-
tween workflow representations. Specifically, we
represent both the ground-truth and predicted work-
flows as embedding vectors and define the similar-
ity score as:

1
cosine_distance(Wref, Wpred)

(D

S embedding =

where wier and wpeq are the vector representa-
tions of the ground-truth and predicted workflows,
respectively. A higher score indicates greater align-
ment between the two workflows. To obtain these
embeddings, we use OpenAl text-embedding-3-
small model.

D.1.3 Edit Distance

Edit-distance-based evaluation quantifies structural
differences by computing the minimum number
of operations required to transform the predicted
workflow into the ground-truth workflow. We de-
fine three types of operations:

* Insertion: Adding a missing step to align with
the ground-truth workflow.

* Deletion: Removing an extraneous step that
does not appear in the ground-truth workflow.

* Reordering: Adjusting the sequence of steps
to match the ground-truth workflow.

To compute edit distance, we use the GPT-40
that aligns the predicted workflow to the ground-
truth workflow using these operations. The final
score is defined as:

1
Sedit = 2
edit number_of_edits 2)
where a higher score indicates fewer modifica-
tions needed for alignment, implying better predic-

tion accuracy.

D.1.4 Step-Accuracy Evaluation

We use the GPT-40 model to label each step in
the ground-truth workflow as either correctly or
incorrectly covered with respect to the predicted
workflow. The final score is computed as:

number_of_correct_steps
Sstep = 3)
total_number_of_steps
where a higher score indicates that a greater pro-
portion of steps in the ground-truth workflow are

correctly captured by the predicted workflow.

D.1.5 Likert-Scale Evaluation

We use the GPT-40 model to assign a similarity
score between 1 and 100 based on structural and
semantic alignment between predicted and ground-
truth workflows.

D.2 Human Evaluation Setup

To evaluate the alignment of alternative evaluation
protocols, we conduct a human study on workflows
for 11 complex intents, each accompanied by 4
predicted workflows. The evaluation process began
with decomposing each workflow into a series of
QA pairs. For the gold ground-truth workflows,
one author wrote the QA pairs, while a second
author verified their quality. This dual-step vali-
dation ensures that the questions were clear and
accurately represented the underlying steps and
conditional logic inherent in the workflows. From
the 11 workflows, we obtain a total of 141 QA pairs.
Additionally, the 4 predicted workflows for each
intent collectively yield 564 QA pairs, providing a
comprehensive dataset for evaluation.

Next, two authors independently labeled the cor-
rectness of each QA pair based on the correspond-
ing predicted workflow. This independent labeling
process resulted in a Cohen’s  score of 0.742, in-
dicating substantial agreement between the annota-
tors. For QA pairs labeled as correct and incorrect,
we achieve an F1 score of 0.937 for correct labels,
demonstrating high agreement on identifying cor-
rect steps, and 0.82 for incorrect labels, indicating
slightly lower agreement in identifying errors. This
further indicates that detecting errors by reasoning
on previous steps and their outcomes is challenging,
even for humans.

To assess the overall alignment between the pre-
dicted and ground-truth workflows, we calculate
a final score for each predicted workflow based
on the percentage of correctly answered questions.
This score shows a correlation score of 0.835 be-
tween human annotators, indicating strong consis-
tency in their evaluations. We further analyze corre-
lations between step-level evaluation methods and
human judgments, as reported in Table 9. Among
automated evaluation methods, the QA-based met-
ric achieves the highest correlation (0.708) with
human annotations, indicating its relative effective-
ness in step-level evaluation. However, these cor-
relation scores remain lower than those observed
with End-to-End (E2E) evaluation, reinforcing our
decision to prioritize E2E evaluation as the primary
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Automatic Evaluation Correlation

embedding 0.412
edit-distance 0.587
step-accuracy 0.631
likert-scale 0.678
QA-based (Proposed) 0.708

Table 9: Correlation between different automatic evalu-
ation metrics and human judgements.

metric.

E Prompts
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Extract intent, slot values and resolution steps from the customer service chat provided under <CONVERSATION> section below.
STEP-BY-STEP INSTRUCTIONS

1. Exclude any non-essential statements such as greetings, apologies, and expressions of gratitude.

2. Be concise, complete, and truthful to the facts mentioned in the conversation.

3. Include any all the numberical and categorical details such as personal names, addresses, phone numbers etc.

4. Follow the exact sequential order in which the agent took different actions in "resolution_step".

5. Respond using the JSON format:

{
"intent”: "What is the customer issue? Use max 50 characters.”,
"slot_values": {
"dictionary of slots and values collected from the customer or provided to the customer by the agent formatted as {slot: value}”
g
"resolution_steps”: ["List of steps/ actions taken by the agent to resolve the customer's issue.”]
}

Example Conversation:

Customer: Hi, I'd like to return an item I purchased.

Agent: Hi! I'm happy to help with that. Could you please provide me with your order ID so I can pull up your account?
Customer: Sure, it’s 123456.

Agent: Thank you. Can you confirm the reason for your return?

Customer: The item arrived damaged.

Agent: I'm sorry to hear that. We’ll get this sorted for you right away. Would you prefer a replacement or a refund?
Customer: I'd like a refund, please.

Agent: Got it. I've initiated the return process for a refund. You’ll receive an email with a prepaid return label.Once we receive the item, we’ll process your refund within 3-5 business
days. Can I help you with anything else?

Customer: No, that’s all. Thanks!

Agent: You’re welcome! If you need further assistance, feel free to reach out. Have a great day!

Example Output:

{
"intent”: "Customer wants to return a damaged item."”,
"slot_values": {
"order_id": "123456",
"return_reason”: "damaged item"”,
"refund_preference”: "refund”
3,
"resolution_steps”: [
"Agent asked for the order ID.",
"Agent asked the reason for the return.”,
"Agent asked whether the customer wants a replacement or refund.”,
"Agent initiated the return process for a refund.”,
"Agent informed the customer about receiving a prepaid return label via email.”,
"Agent explained that the refund will be processed within 3-5 business days after receiving the item.”
]
}

Figure 10: The prompt for extracting key elements: issue description, slots-values and resolution steps from ABCD
conversations [Conversation Selection].

Identify all branching conditions in the provided policy. Do not include common steps. Generate one branch per line.
Example Policy 1:

{policy_1}

Example Output 1:

{output_1}

Example Policy 2:

{policy_2}

Example Output 2:

{output_2}

Figure 11: The prompt for mapping workflows to scenarios [SynthABCD and E2E Evaluation].

You are given below a dialog policy that a customer service agent uses to resolve a customer’s issue.

## Policy

policy

Read the policy carefully and simulate a conversation between an user and an agent that follows the below sub-policy.
{subflow}

# Instruction

- Generate conversation that strictly follow the provided sub-policy.

- Make sure that the conversation is started by user.

User’s details

Name: {user_name}

Profession: {user_profession}

Address: {city}

- Make sure that agent only asks the information in subflow or common steps in the dialog policy. Avoid any unnecessary information.
Example Policy 1:

{example_policy }

Example Subflow 1:

{example_subflow}

Example Output 1:

{example_conv}

Figure 12: The prompt for generating conversations given a workflow and a scenario [SynthABCD].
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You are given a dialog workflow and a specific user scenario. Generate detailed list of user information, system information and the corresponding expected outcome for the given
scenario based on the workflow. Respond following the below json format.

{
"user information”: ["detailed list of information that the user provide to the agent to complete the conversation in the given scenario”],
"system information”: ["detailed list of information that the agent check in system to complete the conversation in the given scenario”],
"outcome”: "expected outcome reflecting the resolution in the given scenario”

}

Example Policy 1:

{policy_1}

Example Scenario 1:
{scenario_1}
Example Output 1:
{output_1}

Example Policy 2:
{policy_2}

Example Scenario 2:
{scenario_2}
Example Output 2:
{output_2}

Example Policy 3:
{policy_3}

Example Scenario 3:
{scenario_3}
Example Output 3:
{output_3}

Example Policy 4:
{policy_4}

Example Scenario 4:
{scenario_4}
Example Output 4:
{output_4}

Figure 13: The prompt for extracting user information, system information and success criteria given a scenario and
a workflow [E2E evaluation].

You are given a dialog policy and corresponding criteria for successful completion of conversation with a customer.
Given a conversation between an agent and a customer, check if the conversation ends successfully or not.
Dialog Policy:
{policy}
Success Criteria:
{outcome}
Conversation:
{conv}
Respond in json following the format below.
{
"successful”: "yes/no”
"explanation”: "explain how the conversation went?”
}

Figure 14: The prompt for evaluating successful completion of a conversation between the customer and service bot
[E2E evaluation].

You are a customer talking to an agent to have your issue resolved. You are given the issue description and the slots-values that you share with the agent. Respond to the agent and
provide them them the requested information if possible.

STEP-BY-STEP INSTRUCTIONS:

- Identify the information requested by the agent.

- Check the provided issue description and the slots-values and identify if you can provide the requested information to the agent.

- If you can, respond to the agent with the requested information.

- If you don’t have the requested information, respond that "you don’t have the requested information and ask if there is any other information you can provide".
- Only provide the information that is requested by the user.

## Issue:

{issue}

## Slots-Values that you can provide to the agent:

info

Make up free form slot-values, e.g., user name, full name, order ID, account ID, email and address.

## Conversation History:

{history }

Figure 15: The prompt for simulating a customer bot [E2E Evaluation].
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You are a customer service agent trying to solve a customer’s issue. You are given the dialog policy, conversation history and the system information. Respond to the customer by
strictly following the provided dialog policy.

STEP-BY-STEP INSTRUCTIONS:

- Read the provided conversation history and identify the current dialog state.

- Match dialog state with the dialog policy, and identify the next step to address the customer’s issue.

- If the next step involves checking system information (e.g., checking system for an error), check the available system information and inform that to the customer. If the required
system information is not available, reply "DONE".

- If the next step involves requesting information from customer (e.g., username), ask customer for the required information.

- If the next step involves taking some action (e.g., issuing refund), inform the customer that you have succesfully taken that action.

- Respond to the customer based on the identified next step.

- If the policy does not describe the next step based on the current dialog state, conclude the conversation by generating "DONE".

- If you can not take the next step for any reason, conclude the conversation by generating "DONE".

- If the issue has been successfully resolved, conclude the conversation by generating "DONE".

- Avoid repeating yourself or requesting information that has already been mentioned in the conversation history.

## Dialog Policy

{policy}

## System Information
{info}

## Conversation History
{history}

Figure 16: The prompt for simulating a service agent bot [E2E Evaluation].

You are a quality assurance manager tasked to assess whether an agent followed the established agent guidelines for resolving a customer’s issue. The guidelines offer detailed,
rule-based instructions for agents to be followed in a step-by-step manner. However, agents may not consistently adhere to these instructions. Your task is to evaluate the agent’s
compliance by comparing the steps taken in the provided conversation against the established guidelines.

**Important: Approach your task step-by-step. Carefully evaluate each rule in the guidelines.**

## Step-by-Step Instruction

- For each rule in guidelines, determine whether that rule is applicable to conversation or not.

- Some rules are context-specific, they define actions contingent on preceding action outcomes, making them applicable only in specific conversational situations.

- Other rules are universally applicable, dictating actions that consistently follow a preceding action, regardless of the outcome.

- If the rule is applicable, check whether the agent followed the prescribed steps accurately or not.

- Evaluate the accuracy of both the action, and the order of the action.

- Here are some rule for handling specific scenarios

- If the customer has already provided certain details (such as Full Name, Account ID, refund amount, item details, etc.) either voluntarily or as requested by the agent in a prior step:
- Do not penalize the agent for not following guidelines by not requesting the same details again.

- Do not penalize the agent for not following guidelines even if the agent request for the same details again.

- If a rule includes multiple actions, the order of those actions is irrelevant and should not be penalized. For instance, [ask "Email Address’, *Order ID’, and *Username’] or [ask ’Order
ID’, ’Email Address’, and *Username’] are equivalent.

- Generate output in the JSON format given below, offering both the response and an explanation for each rule.

{
"Rule_1":{
"response”: 'followed'/ 'not applicable'/ 'not followed',
"explanation”: "'
3,
"Rule_2":{
"response”: 'followed'/ 'not applicable'/ 'not followed',
"explanation”: "'

3,

Figure 17: The prompt for conversation’s compliance evaluation given the ground-truth workflow [Data Quality].

You are a QA simulator consisting of two agents: a Guide and an Implementer. Both agents are tasked with collaboratively reconstructing the process of resolving customer issues by
analyzing historical conversations.

Below are the profiles for Guide and Implementer:

##H# Guide:

- Asks targeted questions to understand the steps taken in a given scenario.

- Focuses on clarifying the preconditions, decision points, and the logic behind the steps.
- Ensures that all possible customer contexts and edge cases are addressed.

### Implementer:

- Review past conversations to answer the questions.

- Provides detailed explanations about the actions taken at each step and their rationale.
### Below is an example discussion between a guide and an implementer agent:

Guide: What is the first step an agent should take when booking a restaurant?
Implementer: ask name and phone number

Guide: What is the next step after asking the name and phone number?

Implementer: ask preferred date and time for the reservation

Guide: What is the next step after asking the preferred date and time for the reservation?
Implementer: ask party size

Guide: What is the next step after asking the party size?

Implementer: ask for any special requests

Guide: What is the next step after asking about any special request?

Implementer: check availability

Guide: What is the next step if restaurant is booked at requested date and time?
Implementer: offer alternative time and date

Guide: What is the next step if restaurant is available at requested date and time?
Implementer: book and inform the customer

Let’s think step-by-step and generate a discussion between the Guide and the Implementer based on below conversations.

Figure 18: The prompt for generating question-answer-based chain-of-thoughts [Workflow Extraction: QA-CoT].
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Identify the steps necessary to resolve the customer’s issue based on the provided conversations and the discussion between Guide and Implementer Agents.
- Include only the essential actions needed for issue resolution, excluding unnecessary steps.

- Use the discussion between Guide and Implementer Agents to identify important steps in the workflow.

- Create a unified, consolidated list of steps without breaking them down by individual conversation.

- Formatting Instructions:

1. Use simple and concise language for each step, mentioning any pre-conditions where applicable.

2. Organize the steps in a numbered list for clarity.

3. Include relevant details, such as required inputs and specific conditions, for each step.

Figure 19: The prompt for extracting workflows given historical conversations and the discussion between the guide
and implementer agents [Workflow Extraction: QA-CoT].

Identify the steps necessary to resolve the customer’s issue based on the provided conversations.
- Include only the essential actions needed for issue resolution, excluding unnecessary steps.
solidated list of steps without breaking them down by individual conversation.

- Create a unified, co
- Formatting Instruction
1. Use simple and concise language for each step, mentioning any pre-conditions where applicable.
2. Organize the steps in a numbered list for clarity.

3. Include relevant details, such as required inputs and specific conditions, for each step.

Figure 20: The prompt for basic prompting strategy. [Workflow Extraction Baseline: Basic].

Reflect on the following past chats and assess how well the dialog workflow covers the different scenarios mentioned. Your goal is to focus on the most representative scenarios
discussed in the chats, excluding outlier conversations where agent may have taken wrong steps. For each valid scenario, consider whether the workflow addresses it comprehensively,
and if not, identify the gaps.

Evaluate Coverage Gaps

- Where does the workflow fail to provide guidance or actions for specific scenarios presented in the past chats?

- Are there any special cases (e.g., different membership tiers, exceptions, or advanced user queries) that the workflow misses entirely?

- Ignore outlier conversations where agent actions are inconsistent with most other conversations from the same scenario.

- For each gap identified, explain how the current workflow might be extended or modified to address these uncovered cases.

Suggestions for Enhancing Coverage

- What additions or modifications could be made to the workflow to cover the uncovered scenarios more effectively?

Figure 21: The prompt for identifying coverage gap in a workflow given historical conversations. [Workflow
Extraction Baseline: Reflect].

Improve the below dialog workflow based on the provided conversations and the LLM feedback.

- Include only the essential actions needed for issue resolution, excluding unnecessary steps.

- Create a unified, consolidated list of steps without breaking them down by individual conversation.

- Ignore feedback that is specific to an individual customer and does not address a general dialog scenario.
- Formatting Instructions:

1. Use simple and concise language for each step, mentioning any pre-conditions where applicable.

2. Organize the steps in a numbered list for clarity.

3. Include relevant details, such as required inputs and specific conditions, for each step.

Figure 22: The prompt for improving coverage given conversations and LLM-feedback. [Workflow Extraction
Baseline: Reflect].

Your task is to identify the steps necessary to resolve the customer’s issue based on the provided conversations.
{convs}
Let’s first understand the problem and devise a plan to solve the problem.

Figure 23: The prompt for generating plan from historical conversations. [Workflow Extraction Baseline: Plan].

Identify the steps necessary to resolve the customer’s issue based on the provided conversations and the plan.
- Include only the essential actions needed for issue resolution, excluding unnecessary steps.

- Use the plan to identify important steps in the workflow.

- Create a unified, consolidated list of steps without breaking them down by individual conversation.

- Formatting Instructio:
1. Use simple and concise language for each step, mentioning any pre-conditions where applicable.
2. Organize the steps in a numbered list for clarity.

3. Include relevant details, such as required inputs and specific conditions, for each step.

- Only generate the final guideline, outlining important steps required for solving customer’s issue.

Figure 24: The prompt for generating workflows from plan and historical conversations. [Workflow Extraction
Baseline: Plan].
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Aggregate and improve upon the following four dialog workflows used to resolve the customer’s issue.
Workflow 1:

{wfl}

Workflow 2:

{wf2}

Workflow 3:

{wf3}

Workflow 4:

{wf4}

Use the provided example conversations to decide which of the mentioned workflows is correct at each step or to identify any steps that are missing from all workflows.
{convs}

STEP-BY-STEP INSTRUCTIONS:

- Identify all the steps necessary to resolve the customer’s issue.

- Include only the essential actions needed for issue resolution, excluding unnecessary steps.

- Create a unified, consolidated list of steps without breaking them down by individual conversation.

- Formatting Instructions:

1. Use simple and concise language for each step, mentioning any pre-conditions where applicable.

2. Organize the steps in a numbered list for clarity.

3. Include relevant details, such as required inputs and specific conditions, for each step.

Figure 25: The prompt for ensemble prompting strategy. [Workflow Extraction Baseline: Ensemble].

Correct the given LLM-generated discussion between two collaborative agents, the Guide and the Implementer.

Reflect on the given discussion:

- Evaluate whether the discussion cover all the steps comprehensively.

- Look for discussion parts that may belong to outlier conversations (e.g., rare scenarios or edge cases) and determine if they should be part of the main workflow.
Correct and Complete:

- Add any missing discussions to bridge gaps and ensure logical continuity.

- Reorganize or exclude discussion about steps in outlier conversations if they do not fit the main workflow.

- Clearly specify the conditions under which any alternative steps or edge cases arise.

Provide the corrected and complete discussion following the format of original discussion between the guide and implementer agents. Do not add any justifications.

Figure 26: The prompt used for refining the QA chain-of-thought [Workflow Extraction Baseline: QA-CoT+Reflect].
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