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Abstract

In this work, we propose a method for dia-
log simulation to gather high-quality open-
domain, multi-turn question answering con-
versations. The simulation is grounded on
Stack Exchange posts and motivated by com-
putational discourse theory. We first convert fo-
rum posts into structured directed graphs; then,
different traversals through the graph represent
possible conversational trajectories. Our pro-
posed graph traversal algorithm produces di-
alogs optimized for conversational efficiency.
In addition, we propose an evaluation frame-
work based on Gricean conversational maxims.
Expert-level human annotators evaluate 105
cooking domain transcripts according to our
framework; dialogs produced by our method re-
ceive ratings that are competitive with dialogs
from prior work.

1 Introduction

Large Language Models (LLMs) are highly flu-
ent and accurate conversational question answering
systems, long since saturating benchmarks such
as CoQA (Reddy et al., 2019). Despite this, there
is a scarcity of real-world, publicly available tran-
scripts from information-seeking conversations be-
tween users and AI assistants (Soudani et al., 2024).
Also, actual human-assistant dialogs tend to be
fragmented, incoherent, or overinformative, fail-
ing to meet the quality standard needed to train
better conversational agents. In lieu of real-world
conversations, research has studied methods for
synthetic data generation of conversational tran-
scripts, taking approaches like transforming textual
sources into dialogs (Dai et al., 2022; Bao et al.,
2023; Zheng et al., 2023a) or using specialized user-
simulation models to generate dialogs turn-by-turn
(Mohapatra et al., 2021; Wu et al., 2022; Lin et al.,
2022). Most such research targets domain-specific,
task-oriented dialogs with explicit goals, and there
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Why don't my steaks have a
good char?

The most common issue is
insufficient heat.

Overcrowding the pan is
another possible issue.

Another reason is excess
moisture.

If there is too much moisture, you are
effectively steaming the meat.

Answer

Substitution

Motivation

Substitution

Figure 1: A basic dialog graph. The white pill represents
the main question, while blue boxes are parts of the
answer. Edges represent information precedence and
dialog/discourse relations.

is relatively little work on general information-
seeking dialogs that may include multiple distinct
goals, open-ended exploratory questions, and clar-
ifying questions. Furthermore, we find that naïve
approaches (i.e., zero-shot prompting an LLM) for
dialog generation tend to suffer from unnatural, un-
helpful questions (from either user or assistant) and
answers (examples in §2.1).

To solve these issues, we propose a dialog simu-
lation method inspired by theories of discourse (see
§2.2). It produces realistic transcripts of general
domain, information-seeking conversations, and
constrains the simulated AI assistant to respond
efficiently, rather than providing near-encyclopedic
answers. We use an LLM to apply structural rules
that convert Stack Exchange posts into directed
acyclic graphs (DAGs) which encode many pos-
sible conversational trajectories for the same infor-
mation exchange (see Fig. 2). Our graphs repre-
sent information precedence (moving from general
to specific claims) motivated by theories of com-
mon ground (Stalnaker, 2002) and question under
discussion (Roberts, 2012; Ko et al., 2023). Our
graph representations provide a principled frame-
work flexible enough to model various types of
information-seeking dialogs; including single-turn
question/answer (QA) pairs and multi-turn dialogs
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with bidirectional information sharing.1

We also describe a traversal algorithm (exe-
cuted by an LLM) to generate a dialog from a par-
ticular path in the graph, including user follow-up
questions and clarifying questions from the assis-
tant. The algorithm is designed around Gricean
conversational maxims, principles that describe
how humans communicate efficiently (Grice, 1975).
Most importantly, we aim to produce dialogs where
the AI assistant follows the maxim of quantity,
which states that speakers should provide as much
information as needed, but no more.

In conjunction, we create an evaluation rubric
based on all four Gricean maxims. The maxim of
relation calls for contributions to be relevant to the
conversation; the maxim of quality highlights infor-
mation accuracy; and the maxim of manner states
that contributions should be clear and straightfor-
ward. Using this rubric, 41 expert-level human
annotators blindly annotate 105 dialogs generated
with our simulation strategy and 32 generated di-
alogs from prior work. On average, annotators pre-
fer our dialogs across key dimensions, including en-
joyment, efficiency and flow. We also test whether
an LLM-as-judge can perform automatic evalua-
tion with our rubric, finding high agreement with
human annotators across most metrics of our eval-
uation framework. However, the LLM struggles
with certain metrics that evaluate comprehensive-
ness of assistant answers and relevance/necessity
of claims provided within assistant responses. Fi-
nally, we outline a specific plan for future work to
scale up our annotated dataset and use it for LLM
post-training.

2 Background and Related Work

2.1 Dialog Simulation

Relatively little prior work on dialog simula-
tion aims to simulate general-domain information-
seeking dialogs. The standard approaches include
crowdworker simulation, turn-by-turn simulation,
and transformation of existing texts.
Crowdworker Simulation. One straightforward
option is to use crowdsourced human annotation
to manually create dialogs, often with a pair of
annotators simulating the roles of user and as-
sistant. Dinan et al. (2019) use the "Wizard-of-

1In this study we focus on multi-turn dialogs in the gen-
eral domain of cooking. We have performed small proof-of-
concept studies for other domains and will study them more
systematically in future work.

Oz" paradigm for crowdsourced dialog simula-
tion, where the "Wizard" has privileged access to a
knowledge source (here, Wikipedia) used to answer
information-seeking questions. Other studies also
leverage Wikipedia as a knowledge source (Choi
et al., 2018; Adlakha et al., 2022), as well as In-
ternet search (Komeili et al., 2022), multimodal
databases (Liao et al., 2021), and LLM-based
RAG (Katsis et al., 2025); still other work extends
the paradigm to bidirectional knowledge transfer
(Gopalakrishnan et al., 2019). However, human
annotation can be expensive to scale, and crowd-
sourced dialogs often contain errors (Dziri et al.,
2022). For example, in the MTRAG dataset (Katsis
et al., 2025), many simulated answers demonstrate
undesirable behavior for an AI agent, such as the
missing word in the user turn below:

User Turn 5

It is better never be a co-signer.

Assistant Turn 6

Actually being a cosigner for a loan involves sig-
nificant responsibilities. You’re just as responsible
for the loan payments as the original borrower. Co-
signing a loan is just plain stupid.

Instead, we focus on designing a fully-artificial—
and therefore easily scalable—dialog simulation
method that facilitates interventions to control de-
sired properties of the conversation.
Agent Simulation. Similar to the crowdworker
paradigm, other work simulates dialogs turn-by-
turn using one or two AI agents running in a loop
(Mohapatra et al., 2021; Wu et al., 2022). While
this approach can model realistic conversational
dynamics, it is difficult to control the overall in-
formation trajectory of the conversation. To do so
usually requires comprehensively specifying goals
and subgoals for the user, which can be difficult for
open-ended knowledge seeking goals.
Direct Generation. One alternative is to gen-
erate dialogs directly from existing text such as
Wikipedia articles (Dai et al., 2022) or real-world
conversational transcripts (Zheng et al., 2023b), us-
ing a trained specialized model (Li et al., 2020; Lin
et al., 2022) or a pretrained LLM (Mo et al., 2024).
This requires no specification of user goals, has
a lower risk of hallucinated information, and en-
ables the LLM to model the entire conversation at
once. However, conversations generated by these
approaches are often formulaic or unnatural, such
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as this excerpt from Dai et al. (2022):

User Turn 3

What is important about the village?

Assistant Turn 4

At the 2006 census, its population was 281, in 68
families.

Grounded Agents. Our method unifies these two
approaches, providing the grounding and scalabil-
ity of generation-from-text with the naturalness
of simulation, while maintaining a conversational
trajectory. We generate conversations turn-by-turn,
constraining the generating agent to predefined con-
versational trajectories encoded in a dialog graph,
which is grounded in existing text from Stack Ex-
change posts. Our work is similar to Maharana et al.
(2024), which grounds agents on event graphs, to
Gritta et al. (2021); Ouyang et al. (2021) which
use conversational graphs to create task-based di-
alogs, and in particular to Bao et al. (2023), which
breaks Wikipedia articles into knowledge pieces
and arranges them by emulating dialog flows of
real-world conversations. However, they rely on
task-specific heuristics to categorize dialog flows,
while our method is scalable and needs no task- or
domain-specific information.

2.2 Dialogs and Discourse Theory
We ground our approaches to dialog graphs (§3),
generation (§4), and evaluation (§5) in theories of
discourse and dialog. Specifically, we label graph
edges with Dependency Dialogue Act (DDA, Cai
et al., 2025) relations; graph nodes are ordered to re-
flect questions under discussion, information prece-
dence, and common ground; and Gricean maxims
guide both graph traversal and dialog evaluation.

Gricean theory (Grice, 1975) provides principles
for conversational implicature, a pragmatic process
that enables successful communication, especially
when intended meaning does not align with lit-
eral surface form. Gricean framing has been used
within NLP to several ends (Krause and Vossen,
2024), including assessing conversational implica-
ture (Zheng et al., 2021; Li et al., 2023; Anuran-
jana et al., 2024; Sravanthi et al., 2024, inter alia),
generating dialogs (e.g., Harabagiu et al., 2004),
extracting inferences from raw text (Harabagiu and
Moldovan, 1996), and structuring communication
about AI safety (Kaas and Habli, 2025).

Our work proposes a method for dialog evalua-
tion based on Gricean framing. Prior work has ex-

plored Gricean-motivated evaluation frameworks—
for human evaluators and automated systems—of
different dialog aspects such as question-answer
pairs (Qwaider et al., 2017; Freihat et al., 2018)
and follow-up questions (Yadav et al., 2025). Our
work is most similar to Jwalapuram (2017); Xiao
et al. (2020); Panfili et al. (2021); Miehling et al.
(2024); Wölfel et al. (2024), who use LLMs or hu-
man annotators to produce dialog-level ratings for
each maxim. We do fine-grained evaluation with
concrete dialog-, turn- and claim-level metrics.

3 Grounded Dialog Graphs

3.1 Graph Representation

An information-seeking dialog represents a specific
trajectory of information exchange, where both par-
ticipants take turns sharing information and/or ask-
ing questions. Often, there are many possible con-
versational trajectories corresponding to the same
set of facts, which may vary in length, number of
turns, and style. We represent the full space of
possible trajectories using directed acyclic graphs
(DAGs), as shown in Figure 1. Our graphs bear sim-
ilarities to the ConvGraphs of Gritta et al. (2021),
however, their method focuses on turn-level dialog
acts for task-oriented dialogs, rather than statement-
level structure in information-seeking dialogs. As
most dialog turns are multi-statement, this makes
our approach more fine-grained.

Nodes. Nodes in our graph correspond to atomic
statements (including questions). A single turn
may consist of multiple nodes. These statements
roughly correspond to elementary discourse units
(EDUs) as introduced by Rhetorical Structure The-
ory (Mann and Thompson, 1988; Carlson et al.,
2001). Nodes are distinguished as originating from
the question asker (user) or the answerer (assistant)
with different colors.

Edges. Edges represent information prece-
dence; that is, an edge from node A to node B
means that node A must have been introduced to
the common ground prior to node B. In our run-
ning example, the node stating "Another reason
is excess moisture" must be introduced prior to
"If there is too much moisture, you are effectively
steaming the meat.", or the latter turn would be
infelicitous. Edges are labeled with rhetorical re-
lations that describe the relationship between the
two statements. We use a subset of the Depen-
dency Dialog Acts label inventory (Cai et al., 2025),
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I thought steaks should be
wet so they remain juicy.

If there is too much moisture, you are
effectively steaming the meat.

Why don't my steaks have a
good char?

The most common issue is
insufficient heat.

Overcrowding the pan is
another possible issue.

I'm using a cast iron pan.

Another reason is excess
moisture.

I usually dampen my steaks
before cooking.

My steaks keep coming out
sort of mushy.

Belief

Answer

Substitution

Background

Motivation

Motivation Substitution

Background

A B C

D

G H I

E F

Figure 2: The graph from Figure 1, with added Background and Belief nodes (light grey boxes).

which itself selects from Dialog Act labels (Stolcke
et al., 2000) and Penn Discourse Treebank v3 labels
(Prasad et al., 2018). Unlike DDA, which allows
edges pointing in either direction with respect to
discourse flow, our edges are constrained by infor-
mation precedence and should always point from
more general to more specific information. We also
add three structural labels: Answer, Background,
and Belief, described in the next section. Our
inventory appears in App. A.

Graph Structure. A minimal graph (as in Fig-
ure 1) consists of a question node and one or more
answer nodes. The question node has a single
child answer node (connected with an edge labeled
Answer) that represents the most critical part of
the answer. In addition, information-seeking di-
alogs often include statements in which the ques-
tion asker provides information to the answerer. We
identify two main categories of these sorts of state-
ments. Background statements provide concrete
information about the user’s situation or history
that is relevant to the question under discussion.
Belief statements describe the user’s preconceived
notions, feelings, or guesses about the question un-
der discussion. We create nodes for background
and belief statements and connect related nodes to
each other according to the information precedence
relation defined earlier. Then, background/belief
nodes are connected to the existing graph (either
the answer nodes or main question) with edges
labeled Background or Belief, indicating that a
given parent statement should be provided before
the question or answer.

In Figure 2, the statements "I usually dampen my
steaks before cooking." and "I’m using a cast iron
pan." are concrete background statements about
the user’s situation. Also, the latter statement is

prerequisite background for the answer about over-
crowding the pan—if the asker was using a grill
rather than a pan, this answer would not make sense.
Although the other statement ("I usually...") is a
Background node, it is connected to the graph via
a Belief edge. This describes the user’s beliefs
about adding moisture to a steak.

The graph superimposes many possible conversa-
tional trajectories and serves as a unified represen-
tation for different forms of information-seeking
dialogs. In §4, we describe a procedure that uses
graph intermediaries to convert single-turn QA
posts into multi-turn, bidirectional dialogs.

3.2 Automated Graph Construction
The first step of our dialog generation method is
to convert existing posts from Stack Exchange (a
question answering forum with topic-specific sub-
sites: https://stackexchange.com) into dialog
graphs. Stack Exchange posts are single-turn inter-
actions with a single question and one or more an-
swers. For a given Stack Exchange subsite, we in-
clude only questions with high-consensus answers
(in the top 90th percentile of votes). In addition,
we filter to include only posts where the top an-
swer has at least six sentences to ensure that there
is enough information to work with, and we al-
ways choose the top-rated answer. Figure 4 in
Appendix C shows an example question/answer
pair.

Graphs are created as follows: 1) split the ques-
tion and answer into a list of statements with nodes
for each statement; 2) prompt an LLM to build a
graph given the question node and answer nodes
(but not background/belief nodes); and 3) prompt
an LLM to add the background and belief nodes to
the existing graph. All steps use GPT 5.2.

For step one, we use two separate LLM prompts
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Node Type Description

Question The main question raised in the post, or clar-
ifying questions raised in the answer.

Subquestion An additional question raised by the asker
related to the main question.

Claim A verifiable, widely-known fact that ad-
dresses the question under discussion.

Anecdote A personal story from the answerer.
Meta A metatextual statement that references the

question itself or the forum site.
Belief A statement describing beliefs or prefer-

ences about the question under discussion.
Background A concrete fact about the user’s current situ-

ation that provides context for the question.

Table 1: Node types in the dialog graph.

(see Appendix B) for the question and answer, with
a single handcrafted in-context example for all di-
alogs. The LLM then classifies each statement into
one of the node types from Table 1. We immedi-
ately filter out any Meta and Anecdote statements,
since these generally do not fit human-AI conver-
sations.2 We also filter out Subquestions.

Next, we prompt the LLM to structure the graph
by predicting edges between the main Question
statement and all statements that make up the an-
swer (see Appendix B). We provide detailed rules
about the structure of the graph, a list of available
edge labels, and a handcrafted in-context example.
We request the list of edges to be returned in the
Mermaid chart language, and the LLM always con-
formed to the expected format.3 Because there are
often multiple possible structures for a given graph,
it is not crucial to rigorously validate the predicted
structures. During development, we qualitatively
evaluated the generated graphs (see Appendix C)
and found that they generally adhered to our ex-
pectations. Finally, we add background and belief
nodes from the original question to the graph with
another LLM prompt. We provide the full graph
structure and the new nodes to be added, and ask
the LLM to 1) connect background nodes to one
another using DDA-labeled edges; and 2) connect
background nodes to existing nodes on the graph
(following the rules described in §3.1). Full graphs
are saved as intermediate representations, which
we now use to generate dialog transcripts.

2We initially tried to filter these in the decomposition
prompt, but found that this did not work well.

3https://github.com/mermaid-js/mermaid

4 Dialog Generation

Algorithm. A dialog is generated by selecting
one particular trajectory through the full graph.
Any trajectory through the graph will produce a
pragmatically well-formed conversation, so long as
the precedence relation (i.e. the direction of each
edge) is followed. For example, a simple pre-order
traversal of the entire answer subtree would pro-
duce a one-turn dialog very similar to the original
Stack Exchange post. This is not, however, a very
interesting dialog, so we propose a traversal algo-
rithm motivated by the Gricean maxim of quantity.
This produces multi-turn conversations, including
follow-up questions from the user and clarifying
questions from the assistant. The general algorithm
is as follows, with additional details and prompts
in Appendix D.

1. Start at the main question node, which becomes
the question under discussion (QUD).

2. Generate a user turn for the QUD, including
required background/beliefs.

3. Select the answer subtree that is necessary to
answer the QUD.

4. If any of the selected answer nodes are down-
stream of unvisited background nodes, generate
a clarifying question to prompt for this back-
ground and for the corresponding user answer.

5. Rewrite answer subtree from 3 as fluent answer.
6. Select an unvisited edge outgoing from the full

set of visited answer nodes. Generate a follow-
up question based on this edge, which becomes
the new QUD.

7. Repeat steps 2-6 until there are no remaining
nodes or the turn limit is reached.

Example Traversal. Next, we walk through
these steps in detail for the graph from Figure 2,
resulting in the actual GPT 5.2 outputs in Figure 3.

Turn 1: Main Question. We select the main
question node (B) and any upstream background or
belief nodes (A).4 Then, we use an LLM to rewrite
this list of statements into a coherent question.

Turn 2: Answer. Next, we must select the sub-
tree of answer nodes that are sufficient and neces-
sary to answer the QUD (the main question). We
always include the top-level answer node (E) and
prompt an LLM to select additional nodes (as a

4Selecting background/belief nodes is performed recur-
sively, where any node upstream of a selected node must also
be selected.
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User Turn 1 (A,B)

My steaks keep turning out kind of mushy. Why am
I not getting a good char on them?

Assistant Turn 2 (E,I)

The most common issue is that your pan or grill isn’t
hot enough. Another big reason is excess moisture
on the surface of the steak, which can prevent a
good char from forming.

User Turn 3

Could cooking too many steaks at once be part of
the problem?

Assistant Turn 4

What kind of pan or cooking surface are you using?

User Turn 5 (C)

I’m using a cast iron pan.

Assistant Turn 6 (F)

Yes—overcrowding the pan is definitely another pos-
sible issue.

User Turn 7 (D,G)

I thought steaks were supposed to stay kind of wet
so they don’t dry out so I’ve been dampening them,
why does extra moisture stop them from getting a
good char?

Assistant Turn 8 (H)

Because if there’s too much moisture on the sur-
face, you’re essentially steaming the meat instead
of searing it, which keeps that good char from de-
veloping.

Figure 3: A full dialog transcript created through our
graph traversal method from the graph in Figure 2.

well-formed subtree) to include in the answer. Here,
the LLM identifies node I as necessary. Finally, we
prompt an LLM to rewrite the list of statements
into a fluent answer.

Turn 3: Follow-Up Question #1. Next, we
select an unvisited edge from the answer subtree
from which to create a follow-up question. In our
example, we randomly choose the Substitution
edge from E to F. We prompt an LLM with the
transcript so far, the new top-level answer (F), and
the DDA label, which guides the type of question
being written. The LLM generates a follow-up
question which becomes turn 3. Then, we select
the relevant answer subtree (F) as in turn 2.

Turns 4-6: Clarifying Question. The selected
answer subtree has a node with an unvisited, up-
stream background node (C). We treat these in-

stances of missing background information as
an opportunity to generate a clarifying question
where the assistant requests missing background in-
formation that is pertinent to the QUD.5 We prompt
an LLM with the current transcript and the missing
background information and generate both the clar-
ifying question from the assistant and the response
from the user, forming turns 4 and 5 respectively;
and generate the answer as before for turn 6.

Turns 7-8: Follow-Up Question #2. Next, we
repeat the process from turn 3 and select the other
unvisited edge (Motivation) to create a follow-
up question. Once again, we generate a follow-
up question using the transcript and the top-level
answer (H) and select the relevant answer subtree
(just H). Here, the answer subtree has an upstream
unvisited belief node (G). We treat this differently
from background nodes because knowing the user’s
belief states does not necessarily help answer the
question, so a clarifying question is not necessary.
Instead, we include the belief node in the LLM call
that writes the follow-up question, producing the
question in turn 7 which includes the user’s belief.
Finally, we generate the answer as before.

5 Evaluation Framework

A key contribution of this work is a new annotation
scheme for measuring the quality of information-
seeking dialogs between a user and an assistant.
Previous work on dialog evaluation has produced a
wide range of quality criteria, including automatic
reference-based metrics, human judgments of flu-
ency, coherence, and relevance, and task-oriented
measures (Deriu et al., 2021; Yeh et al., 2021).
However, these criteria fail to capture whether a
conversation is efficient as a whole; that is, whether
it satisfies the user’s information need without un-
necessary repetition, ambiguity, or wasted turns.

Our annotation scheme tries to address this gap
by operationalizing Gricean conversational maxims
into a taxonomy of concrete problem types at the
turn level (for both the user and the assistant) and
the claim level (for the assistant), complemented
by holistic quality ratings at the dialog level. Each
annotation criterion targets a specific violation of
Gricean maxims, summarized in Table 2. At the
turn and claim level, our taxonomy decomposes
dialog quality into identifiable problem types, en-
abling fine-grained diagnosis of where and how

5This approach is very general, encompassing various
forms of ambiguity that can motivate clarifying questions
as described in Tang et al. (2025).
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Level Problem Type Maxim Description

User Turn
Repetitive Question Quantity Asks a question already answered earlier in the dialog.
Contradictory Statement Quality Contradicts background information from a previous turn.
Failure to Respond Relation Ignores a clarifying question posed by the assistant.

Asst. Turn
Incomplete Answer Quantity Fails to fully address the user’s question.
Dense/Confusing Ans. Manner Response is too dense or uses confusing language.
Unhelpful Clarifying Q. Relation Asks an unhelpful or irrelevant clarifying question.

Asst. Claim
Repetitive Claim Quantity Repeats information already provided earlier in the dialog.
Irrelevant Claim Relation Not relevant to answering the user’s question.
Unnecessary Claim Quantity Relevant but not necessary to answer the question.
Problematic Claim Quality/Manner Claim is wrong, strange, or out of place.

Level Quality Rating Maxim Description

Dialog

Asst. Helpfulness Relation Assistant’s responses are useful to the user.
User Humanness Manner User’s turns sound natural and human-like.
Asst. Comprehensiveness Quantity Assistant thoroughly covers the user’s information need.
Conv. Efficiency Quantity Information need is met without unnecessary turns.
Conv. Flow Manner Conversation progresses naturally and coherently.

Table 2: Summary of the annotation scheme. Turn- and claim-level criteria identify specific problem types (binary);
dialog-level criteria are holistic quality ratings on a 5-point Likert scale.

conversations lose efficiency (Table 3). We comple-
ment this with dialog-level Likert ratings that cap-
ture overall impressions of helpfulness, comprehen-
siveness, efficiency, and flow (Table 4). Complete
annotation guidelines are included in Appendix E.

6 Experiments

Experimental Setup. We generate 105 dialogs
in the cooking domain following the method de-
scribed in §4, and each dialog is independently
annotated by two annotators using the scheme de-
scribed in §5. Annotators are graduate students,
interns, and faculty in computer science and lin-
guistics, as well as industry researchers and practi-
tioners.

For initial comparison, we also annotate a se-
lection of dialogs from MTRAG (Katsis et al.,
2025), a multi-turn conversational search dataset
in which human annotators produce user turns and
modify LLM-generated assistant turns. Unlike our
cooking-related dialogs, MTRAG was created from
a variety of domains including Wikipedia pages
(Rosenthal et al., 2024), financial Stack Exchange
posts (Maia et al., 2018), government domain web-
pages, and technical documentation pages of a ma-
jor cloud provider. As the dataset was originally
intended for evaluating retrieval-augmented gen-
eration, some conversations have turns marked as
unanswerable, which we filter out. We also filter
dialogs longer than seven turns to match the length
of the graph-generated dialogs, leaving 16 dialogs
for evaluation. MTRAG also includes fully syn-

thetic dialogs, from which we sample another 16
with the same criteria.

Results. We report turn-level problem rates (Ta-
ble 3) and dialog-level quality ratings (Table 4)
across all evaluated datasets, aggregated over indi-
vidual annotations (two per dialog). Our dialogs
are preferred along most dimensions measured at
the dialog level, with statistically significant wins
for Enjoyment, Efficiency, and Flow. Our dialogs
also have a lower rate of dense/confusing assistant
answers, but a higher rate of irrelevant and unnec-
essary claims compared to MTRAG-Synth. Signif-
icance is measured using the two-proportion z-test
for turn- and claim-level criteria and the Mann-
Whitney U test (Mann and Whitney, 1947) for
dialog-level ratings. To account for the difference
in average number of turns, we perform a dialog
length ablation in Appendix G, finding these trends
hold regardless of dialog length.

The Efficiency Discrepancy. There is a mis-
match between efficiency at the dialog level, where
our dialogs are preferred, and at the claim level
(irrelevant/unnecessary), where MTRAG-Synth is
preferred. We hypothesize this may stem from
differences in query granularity: MTRAG dialogs
tend toward broader, more exploratory questions
where claims are less likely to be flagged as un-
necessary, while our graph dialogs contain focused
questions with a narrower range of relevant claims.

To investigate this further, two authors anno-
tated goal shifts between consecutive turns for
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Problem Rate (%) Inter-Annotator Agreement (AC1)

Level Problem Type Ours MTRAG MTRAG Per-Prob. Problem Prob. Type
Human Synth. Type Detection Classif.

User
Turn

Repetitive Question 11.2 5.21 9.00 0.875
0.849

0.943
Contradictory Statement 1.24 0.89 0.63 0.977 0.943
Failure to Respond 0.36 0 0 0.996 1

Asst.
Turn

Incomplete Answer 11.7 13.47 3.42 0.860
0.683

0.716
Dense/Confusing Answer 7.46 16.35 9.93 0.848 0.843
Unhelpful Clarifying Question 0.55 0 0 0.993 0.909

Asst.
Claim

Repetitive Claim 4.85 3.43 4.64 0.929

0.657

0.819
Irrelevant Claim 3.89 7.33 0.43 0.922 0.461
Unnecessary Claim 9.84 14.57 7.05 0.831 0.288
Problematic Claim 1.85 4.28 0.19 0.967 0.783

Turns 3.59 6.5 5.44
Claims Per Turn 4.87 7.28 5.80

Stat. sig. wins 1/10 0/10 4/10

Table 3: Turn- and claim-level results: problem type rates from human annotation (left) and inter-annotator
agreement (right). Best problem rate per row is underlined; statistically significant improvements are bolded.
Agreement is measured per individual problem type, as binary problem detection (any problem vs. none), and as
problem type classification (which problem, conditional on both annotators flagging one).

a subset of dialogs (10 of each type), labeling
each as initial, no-shift, minor-shift, or
major-shift, with high agreement. Results show
a striking difference: graph dialogs heavily favor
minor shifts (50.5%) or no change (6.8%), with
only 11.6% major shifts. MTRAG-Synth dialogs,
on the other hand, favor major shifts (49%), fol-
lowed by minor (30%) or no (1.8%) shifts. (Full
statistics in Appendix F.)

In graph dialogs, users decompose a broader in-
formation need into related subquestions across
turns. A claim surfaced in one turn may be relevant
to another, but annotators evaluating turns in isola-
tion may mark it as irrelevant or unnecessary, low-
ering claim-level efficiency. MTRAG dialogs treat
turns as independent atomic queries, producing tar-
geted responses with fewer unnecessary/irrelevant
claims per turn but without the progression of a
natural conversation. This also illuminates the pref-
erence for graph dialogs in enjoyment and flow.
Nearly half of MTRAG transitions introduce a sig-
nificant shift, producing disjointed conversations,
while graph dialogs more closely mirror how users
organically explore a topic. This discrepancy can
be further addressed in future work by characteriz-
ing the user’s information need within the dialog on
a gradient of exploratory vs focused, and then tak-
ing the granularity of this need into account when
interpreting evaluation scores.

IAA. We report inter-annotator agreement (IAA)
via Gwet AC1 scores for the turn- and claim-level

Rating (5-pt Likert) IAA

Criteria Ours MTRAG MTRAG AC2Human Synth.

Helpfulness (A) 4.17 3.91 4.06 0.736
Humanness (U) 3.98 4.0 3.25 0.603
Enjoyment (A) 3.82 3.03 3.13 0.577
Comprehensiveness (A) 3.96 3.56 4.0 0.641
Efficiency 4.02 3.09 3.09 0.582
Flow 3.92 3.13 2.94 0.599

Stat. sig. wins 3/5 0/5 0/5

Table 4: Dialog-level ratings (5-point Likert) and inter-
annotator agreement (Gwet’s AC2). Best score per row
is underlined; statistically significant improvements are
bolded. A = Assistant, U = User.

criteria in Table 3) and AC2 scores for the dialog-
level criteria in Table 4 (Gwet, 2014). We obtain
substantial (or better) agreement across the board.
For a deeper analysis of the turn- and claim-level
agreement, we introduce two additional agreement
measures. Problem detection measures whether
annotators agree that a turn or claim exhibits any
problem at all, collapsing all problem types into a
binary judgment. Problem classification measures,
among cases where both annotators flagged a prob-
lem, whether they agree on the type of problem.
The results show that annotators generally agree on
both the presence and the type of problem for user
turns. However, problem classification agreement
is weaker for assistant claims, particularly for irrel-
evant and unnecessary, suggesting some ambiguity
in distinguishing between these two types. We be-
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Level Metric Per-Prob. Type Problem Detection Prob. Type Classif.

User Turn
Repetitive Question 0.910

0.906
1.000

Contradictory Statement 0.997 1.000
Failure To Respond 1.000 1.000

Assistant Turn
Incomplete Answer 0.752

0.744
0.934

Dense/Confusing Answer 0.995 0.968
Unhelpful Clarifying Question 0.995 1.000

Assistant Claim

Repetitive Claim 0.829

0.039

0.924
Irrelevant Claim 0.986 0.962
Unnecessary Claim 0.326 0.762
Problematic Claim 0.949 0.962

Table 5: Agreement between human annotators and LLM annotations on all binary metrics (GPT-5.2). Agreement
is measured per individual problem type, as binary problem detection (any problem vs. none), and as problem type
classification (which problem, conditional on both annotators flagging one). Gwet’s AC1 is used for all measures.

Metric Gwet’s AC2

Helpfulness (A) 0.788
Humanness (U) 0.874
Enjoyment (A) 0.788
Comprehensiveness (A) 0.340
Efficiency 0.874
Flow 0.867

Table 6: Agreement between human annotators and
LLM annotations (GPT-5.2) on Likert scale metrics.

lieve that this can be addressed through improved
annotation guidelines in future work, and that re-
fining our notions of irrelevant and unnecessary
at the claim level may also address the observed
efficiency discrepancy.

LLM Annotations. In addition to human annota-
tion using our rubric, we also test an LLM’s ability
(GPT-5.2) to annotate dialogs using our evaluation
framework. Tables 5 and 6 contain the IAA scores
between human annotators and GPT-5.2. Agree-
ment is measured by choosing the best agreement
among the pool of human annotators, so an anno-
tation of a metric is considered agreed if at least
one human annotator agrees with the LLM. While
LLMs are in agreement on most of the annota-
tion subtasks (0.75-0.99), they have poor agree-
ment for metrics associated with the necessity of
claims (0.32) and the comprehensiveness of an-
swers (0.34), further highlighting the gap in the
ability of current proprietary LLMs to accurately
identify user need and provide efficient answers.

7 Conclusion

We propose an approach to generate natural conver-
sational transcripts for information-seeking dialogs.

We transform forum posts into rich dialogs, us-
ing an LLM to apply structural transformations
grounded in discourse theory. In a small-scale
study, annotators tend to prefer dialogs simulated
by our graph-based method to other comparable
approaches. This finding supports the utility of
grounding dialog simulation in the Gricean max-
ims, QUD framing, and common ground theory.

Our dialog graph representation is highly flexi-
ble and extensible, leaving many open directions
for future work. We may enhance graphs to in-
corporate multimodal questions and answers using
images sourced from the texts of Stack Exchange
posts. We may also incorporate comment threads,
adding explicit follow-up/clarifying questions and
answers as branches in the graph. We may also
explore enriching graphs with external information:
e.g., adding web-search turns or merging multiple
graphs from related posts.

Our graphs provide transparent representations
of claim dependencies, enabling subject matter ex-
perts to edit dialog content. As graphs scale to
more complex topics, this modifiability can help
bridge expert knowledge and the general public.

Finally, our synthetic data may be used for LLM
training in two straightforward ways. First, we
could use a DPO-style pairwise objective between
our dialogs and dialogs generated to be less effi-
cient, and optimize an LLM to prefer the more
efficient dialog (Rafailov et al., 2023). Second, we
could use our annotated synthetic dataset to train
an effective LLM reward model that reflects hu-
man preferences, and use that model to perform
standard RLHF training (Ouyang et al., 2022).
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Limitations

Due to the limited scope of our study, our dataset is
restricted to the Cooking Stack Exchange subsite.
We have run preliminary evaluations with other
sites (e.g. Travel) and the method appears to work
well, but we have yet to run large-scale annotation.
Also, the small size of our dataset and large size of
our group of annotators means the annotations and
results are highly variable. Finally, there is some
risk of self-preference bias in our LLM-as-judge
procedure since the same model is used for genera-
tion and evaluation (Panickssery et al., 2024).

Though we strove to maximize comparability
between our generated dialogs and the MTRAG
dialogs, there remain clear confounding factors.
MTRAG dialogs still had more turns and more
total words on average, and the discrepancy in top-
ics prohibits dialog-to-dialog comparisons. Fur-
thermore, the MTRAG dialogs were generated by
an earlier and smaller model than the LLM used
for our generation procedure. Future work should
strive to achieve the closest possible comparison,
controlling for all of these factors.

Finally, we did not extensively evaluate the inter-
mediate graph representations, which may contain
errors. We focused on evaluating the final dialogs,
but evaluating graph quality is worth exploring in
future work. Additionally, while our system does
not include a method for inducing diverse user per-
sonas (Bao et al., 2023), incorporating a standard
approach to persona modeling to our framework
would be straightforward.
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A Rhetorical Relation Labels

Our graphs use a subset of the DDA labels (Cai
et al., 2025). Unlike DDA, where relations can
be in either direction with respect to the original
text, our relations are directed according to infor-
mational precedence. Thus, the exact definition of
many labels is changed somewhat. We provide our
full list of labels and the definitions (which are also
provided in various LLM prompts) below.

1. Answer - a single statement that best answers
the parent question.

2. After - the child statement happens after the
parent statement temporally, often used for a
sequence of steps in some process.

3. Before - the child statement preceeds the par-
ent statement temporally, often used for a se-
quence of steps in some process.

4. Motivation - the child statement motivates,
justifies, or describes a purpose for the parent
statement.

5. Result - the child statement is a result of
the parent statement (but not its motivation).
Results should be neutral or negative conse-
quences, whereas positive consequences are
typically labeled Motivation.

6. Condition - the child statement is a condi-
tional with both an antecedent ("if X") and a
consequent ("then Y").

7. Manner - the child statement describes the
manner in which the parent statement should
or does occur. Often used to answer "how"
questions or provide details about the method
for doing something.

8. Similarity - the child statement describes a
similar situation to the parent statement.

9. Contrast - the child statement describes a
contrasting situation to the parent statement.

10. Instantiation - the child statement provides a
specific example of a general claim made by
the parent statement.

11. Level_of_Detail - the child statement pro-
vides more or less specific information regard-
ing the situation or scenario described in the
parent statement.

12. Exception - the child statement presents one
or more instances in which the described situ-
ation in the parent statement does not hold.

13. Substitution - the child statement presents
some alternative to the parent statement.

14. Concession - the child statement denies or
contradicts some assertion made in the parent
statement due to some new circumstance or
reason.
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15. Excerpt - the child statement provides a
quoted excerpt from an external source that
provides evidence for the parent statement

B Graph Construction

We provide the full prompts for answer decomposi-
tion (Figure 5), initial graph construction (Figure 6),
and adding background nodes (Figure 7) below. In
some cases, we have truncated long examples for
brevity.

C Example Dialogs

An example question/answer pair from Stack Ex-
change is given in Figure 4. We also provide two
examples of dialogs generated with our method
and their intermediate dialog graph about tomato
sauce (Figure 8, Figure 9) and onions (Figure 10,
Figure 11).

Question
I dropped a glass jar filled with rice. I’ve picked up
the macro-sized pieces of glass, but am wondering
if there is any way on earth to make the rice safe to
eat, given that I am sure it contains small fragments
and shards of glass. I could, naturally, go through
it grain-by-grain, but this is only a couple of bucks
worth of rice, and I don’t think it warrants the time.
Does anyone have any suggestions?
Answer
I would throw it out. The rice doesn’t cost as much
as a new digestive system. Sure, it’s a waste. And
I’m sure you would look very carefully. But the risk
of one glass splinter still in it is existent. Therefore,
I wouldn’t try it.

Figure 4: An example question/answer from the Cook-
ing Stack Exchange.

D Graph Traversal

In order to prevent extremely long dialogs, we
model the number of turns as a geometric distribu-
tion with a tunable stopping probability p (we use
p = 0.2). After each complete exchange (where
the assistant has provided an answer) following the
first, we randomly stop the conversation with the
probability p.

When selecting edges, we use a depth-first or-
dering where edges outgoing from more recently
visited parts of the graph are selected prior to those
from less recently visited nodes. This prevents
the conversation from wildly jumping around top-
ics, instead following a natural progression that
explores the answer one part at a time.

Finally, we incorporate a simple pruning pro-
cedure when adding new edges to the queue to
process, where we use an LLM call to filter out
edges to nodes that are off-topic for the overall
goal of the dialog so far.

We provide the key prompts for traversal be-
low, including the prompt for generating the main
question (Figure 12), answers (Figure 13), follow-
up questions (Figure 15), and clarifying questions
(Figure 16), as well as the prompt for selecting the
relevant answers for a given question (Figure 14).

E Annotation Guidelines

We provide the guidelines given to our annotators
in Figure 17.

In addition to the above guidelines, we also pro-
vide an example of each issue the annotators are
looking for. These examples are displayed in the
following figures:

• Repetitive question - Figure 18

• Contradiction - Figure 19

• Ignored CQ - Figure 20

• Dense/confusing - Figure 22

• Incomplete/no answer - Figure 21

• Unhelpful CQ - Figure 23

• Repetitive Claim - Figure 24

• Not useful (Irrelevant) Claim - Figure 25

• Useful but not necessary claim - Figure 26

• Problematic/incorrect claim - Figure 27

F Goal Shift Annotations

Results of our goal shift annotations are found in
Table 7.

Metric Graph MTRAG-Synthetic

No Goal Shifts (%) 6.80 1.80
Minor Goal Shifts (%) 50.50 30.00
Major Goal Shifts (%) 11.60 49.00

Evaluated Dialogues 10 10
Evaluated Turns Per Dialogue 5.3 5.6

Table 7: Results for goal shift annotation. Annotators
rate the shift of the user goal between consecutive turns
(no shift, minor shift, major shift). Agreement between
annotators is high (0.718 Gwet’s AC2).
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G Dialog Length Ablation

The dataset of dialogs that we produce using our
graph based dialog generation method (Section 4)
are much shorter on average than the MTRAG (Kat-
sis et al., 2025) dialogs that we evaluate against. As
shown in Table 8 our Graph dialogs have, on aver-
age, roughly half the number of turns as MTRAG-
Human and a third of the claims. Although our
metrics are based on the proportion of issues and
not absolute numbers, it could be speculated that
the difference in the length of the dialogs is re-
sponsible for at least some of the effects we see
in our experimental results. To account for this,
we subsample a selection of our longer Graph di-
alogs (Graph-Long) and perform the same eval-
uation comparison which can be seen in Table 8
and Table 9. We notice that the results are similar
to our evaluation on the larger dataset. However,
Graph-Long has a much higher proportion of repet-
itive user questions and significantly less assistant
answers which are dense and/or incomplete.

Problem Rate (%)

Level Problem Type Graph-Long MTRAG MTRAG GraphHuman Synth.

User
Turn

Repetitive Question 17.1 5.21 9.00 11.2
Contradictory Statement 2.05 0.89 0.63 1.24
Failure to Respond 0 0 0 0.36

Asst.
Turn

Incomplete Answer 6.6 13.47 3.42 11.7
Dense/Confusing Answer 5.6 16.35 9.93 7.46
Unhelpful Clarifying Question 0.8 0 0 0.55

Asst.
Claim

Repetitive Claim 4.75 3.43 4.64 4.85
Irrelevant Claim 3.05 7.33 0.43 3.89
Unnecessary Claim 10.8 14.57 7.05 9.84
Problematic Claim 0.62 4.28 0.19 1.85

Average Turn Count 6.28 6.5 5.43 3.59
Average Claim Count 23.28 45 29.16 15.17
dialog Count 25 16 16 105

Stat. sig. wins 1/10 0/10 2/10

Table 8: Turn- and claim-level results: problem type
rates from human annotation. Best problem rate per row
is underlined; statistically significant improvements are
bolded.

Rating (5-pt Likert)

Criteria Ours MTRAG Human MTRAG Synth. Ours

Helpfulness (A) 4.28 3.91 4.06 4.17
Humanness (U) 4.0 4.0 3.25 3.98
Enjoyment (A) 3.9 3.03 3.13 3.82
Comprehensiveness (A) 4.08 3.56 4.0 3.96
Efficiency 4.12 3.09 3.09 4.02
Flow 3.94 3.13 2.94 3.92

Average Turn Count 6.28 6.5 5.43 3.59
Average Claim Count 23.28 45 29.16 15.17
dialog Count 25 16 16 105

Stat. sig. wins 3/5 0/5 0/5

Table 9: Dialog-level ratings (5-point Likert). Best score
per row is underlined; statistically significant improve-
ments are bolded. A = Assistant, U = User.

92



You will be given the raw text of a question and answer from a forum site. You are to split and
rephrase the answer text into a sequence of statements with the following constraints:
- The statements should cover all of the information from the original answer
- You should not invent any new statements that are not directly stated in the text, even if
they are implied/presupposed by the raw answer

- If there are multiple similar statements, only output a single one. Feel free to combine
multiple statements into a single one.

- If there is a direct quote from some source, do not split it up into multiple statements.
Instead, create a single statement that includes the direct quote, and prefix the quoted part
with Markdown quotes >.

Please output a list of statements, where each statement has two fields:
- The "text" of the statement. The text should be close to the original text, but may be
rephrased so it can stand on its own.

- The "type" of statement. Statements should either be "claim", "anecdote", "meta", "belief",
"question". A "claim" statement describes a concrete, verifiable, widely-known fact that
addresses the topic under discussion. An "anecdote" describes a personal story from the
answerer, that is concrete but not necessarily widely-known. A "meta" statement references the
question or answer itself, the forum site, other questions on the site, and any other
metatextual information that is not necessary to ask the main question. A "belief" statement
describes beliefs or preferences held by the answerer, and often uses phrases like
"I think that...", "I doubt that...", and "I like to..."; however, you should strip these
phrases and write the belief statement using impersonal words. A "question" is a clarifying
question raised to the original asker.

For example, given the following question and answer:

Question:
Is the Bell Labs place where Unix was created still around to visit? I'm thinking of a trip to
the US.

Answer:
Please tag your post correctly.

The Murray-Hill site in New Jersey is still in existence (it's part of Nokia Bell Labs now), but
I doubt the Unix lab is preserved. You can visit the Bell Labs Technology Showcase, but that's a
museum on the site, not the original offices.

... (truncated for this paper)

You should output the following statements:
{

"statements": [
{

"text": "The asker should tag the post correctly.",
"type": "meta"

},
{

"text": "The Murray Hill site in New Jersey (where Unix was created) still exists.",
"type": "claim"

},
... (truncated for this paper)

]
}

Please produce claims for the following question and answer:
Question: $question
Answer: $answer

Figure 5: Prompt for answer decomposition into statements. The question decomposition prompt is very similar.
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You are creating a directed graph (specifically a tree) representing information flow in a post
from a question answering forum. I will give you a list of nodes, which represent the
statements/claims that make up the question and answer. You are to create labeled directed edges
between nodes that represent the relations between statements. Specifically, a directed edge
from node A to node B means that node A should always come before node B in a conversation
because the information introduced by node A must be introduced to the common ground prior to
the information in node B. Edges may use any of the following rhetorical relation labels:

Answer - a single statement that best answers the parent question.
... (truncated for paper, see above for full list)

You will be given a list of numbered nodes, with the first node representing the question, and
the remaining nodes representing the statements that make up the answer. Your job is to identify
the relationship between nodes, given the following constraints and guidelines.

1. The question node should have exactly one outgoing edge to a node from the answer. This node
should be the most important statement in the answer.

2. Every other node will be a descendent of this main answer node. A directed edge from one
statement to another represents giving additional information via one of the rhetorical
relations listed above.

3. Directed edges should represent information precedence, where the parent must be provided
before the child. These edges do *not* necessarily follow the linear order that the nodes are
presented in.

3. Every answer node must have a single parent (incoming edge) but may have multiple children
(outgoing edges). There is no ordering of the children of a node.

In addition to the claim nodes, you will also be given the original question and answer for
reference.

Your output should consist of a list of edges in the following format:
i -- Relation --> j
where Relation is one of the possible rhetorical relationships, i is the label of the parent
node, and j is the label of the child node.

Consider the following example:

Question:
Is the Bell Labs place where Unix was created still around to visit? I'm thinking of a trip to
the US.

Plaintext Answer:
The Murray-Hill site in New Jersey is still in existence (it's part of Nokia Bell Labs now),
... (truncated for this paper)

Nodes:
0 - Is the Bell Labs place where Unix was created still around to visit? I'm thinking of a trip

to the US.
... (truncated for this paper)

Output:
0 -- Answer --> 3
3 -- Level_of_Detail --> 1
... (truncated for this paper)

Now annotate the following question/answer:

Question:
$question

Plaintext Answer:
$answer

Nodes:
$nodes

Figure 6: Prompt for initial graph construction.
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You are helping to create an acyclic directed graph representing information flow in a post from
a question answering forum. I will give you a list of nodes, which represent the statements that
make up the question and answer. I will also give you a list of directed edges between these
nodes that represents the relations between the question and statements in the answer.
Specifically, a directed edge from node A to node B means that node A should always come before
node B in a conversation because the information introduced by node A must be introduced to the
common ground prior to the information in node B. Edges may use any of the following rhetorical
relation labels:

Answer - a single statement that best answers the parent question.
... (truncated for paper, see above for full list)

I will give you the raw question and answer, the list of nodes in the graph, and a list of edges
in the following format:
i -- Relation --> j
where Relation is one of the possible rhetorical relationships, i is the label of the parent
node, and j is the label of the child node.

Then, I will give you two lists of new nodes that have yet to be added to the graph. These nodes
will represent statements made by the user asking the main question, which will serve two main
purposes. The nodes in the Background list will represent concrete, verifiable information about
the user's situation or the world that gives context to the question or answer. The nodes in the
Belief list will represent statements about the user's beliefs or attitude towards the question
under discussion. You are to return a new list of edges that connects these Background and Belief
nodes to the existing graph and to each other. Like the existing edges, these edges represent
information flow, where an edge from node A to node B means that the information in node A must
be provided before node B in any conversational trajectory.

First, create edges using the rhetorical relations listed above that connect all of the
Background and Belief nodes to one another. Use the following constraints:
1. Every Background or Belief node should have zero or one parent node.
2. Nodes may have any number of children. A child node should be dependent on the parent node,

such that it would not make sense to state the child before the parent.
Next, connect the Background and Belief nodes to the existing graph by adding directed edges to
existing question or answer nodes. The core goal is to identify existing nodes on the graph that
require some background information to make sense. Use the following constraints:
1. A Background or Belief node may have any number of children nodes in the existing graph.
2. Every edge connecting a background node to a question or answer node should be labeled

"Background" or "Belief" depending on the type of node.
3. An edge from a Background or Belief node to a question or answer node means that the former

must be introduced to the conversation before the latter.
4. If a Background or Belief node is a parent of some question or answer node, all of the

children of the question or answer node also depend on the upstream Background or Belief node.
Thus, you do not need to add additional edges from the upstream Background or Belief node to
each downstream answer node.

5. Likewise, if a Background or Belief is a parent of some question or answer node, all of the
upstream Background or Belief nodes are also assumed to be necessary to the question or answer
node.

6. Some Background or Belief nodes are not necessary for any claim. In this case, do not add any
outgoing edges.

7. You should only use the "Background" and "Belief" labels for edges connecting a background/
belief node to the existing graph. Edges between background/belief nodes should use the
standard rhetorical relations listed above.

Consider the following example:
... (omitted for paper)

Now annotate the following question/answer:

Question: $question
Plaintext Answer: $answer
Nodes: $nodes
Existing Graph: $graph
Background: $background_nodes
Belief: $belief_nodes

Figure 7: Prompt for adding background nodes.
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Answer

Motivation Level_of_Detail Motivation

Excerpt Level_of_Detail Level_of_Detail

After

After After

Manner

Contrast

Motivation

Background

Background

BackgroundBelief

Background

Is the claimed caramelization
of tomato sauce in this slow-

cooker method (without
stirring) a myth, given the
low temperature involved?

The referenced science says
fructose needs at least 110

°C to caramelize.

The browning in this case is
probably not caramelization,

but a Maillard reaction.

A Maillard reaction is a
chemical reaction between

an amino acid and a
reducing sugar, usually

requiring the addition of heat.

A Maillard reaction can occur
at lower temperatures if

given enough time.

> There are exceptions to the
rule...

At about 212–300 °F (100–
150 °C), the Maillard reaction

slows as temperature
decreases and generally

requires many hours near
the boiling point of water.

At about 130–212 °F (55–100
°C), the Maillard reaction

requires water, high protein,
sugar, and alkaline

conditions to advance
noticeably in a matter of

hours, and it can generally
take days.

For the last few years, the
asker has made tomato
sauces in a slow cooker

(crock pot), or in a device
sold as a plate warmer that
works for low-temperature

cooking.

The asker pre-heats the
ingredients on the stove and

then transfers them to the
slow cooker for 10 to 14
hours to blend flavors.

After the slow cooking, the
asker purees the sauce and

cans the result.

After long cooking, the top of
the sauce browns a bit and

the flavor is great.

The asker recently learned
that sugars do not

caramelize at temperatures
below 110 °C.

The asker's machine only
heats up to 90 °C.

The asker measured the
sauce temperature at various

depths with an infrared
thermometer and found it
was not higher than 90 °C

anywhere.

When the asker first learned
this technique, they were

told not to stir the sauce so
that sugars at the top would
caramelize during the long

cook and create a sweet
flavor.

Figure 8: Dialog graph for a dialog about tomato sauce.
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User Turn 1

For the last few years I’ve been making tomato sauce in a slow cooker or a low-temperature “plate warmer”
device that only heats to about 90 °C. When I first learned this method I was told not to stir so the sugars at the
top would caramelize during the long cook and make the sauce sweeter, but I’ve since learned sugars don’t
caramelize below about 110 °C. Given the low temperature, is this supposed caramelization from not stirring
basically a myth?

Assistant Turn 2

Have you actually checked what temperature the sauce reaches—especially at the surface versus deeper
down—and what’s the hottest reading you’ve seen?

User Turn 3

Yes—I measured at various depths/surfaces with an infrared thermometer, and nowhere in the sauce did it read
higher than about 90 °C.

Assistant Turn 4

With a measured max around 90 °C, it’s very unlikely you’re getting true caramelization. Caramelization of
common sugars generally requires temperatures above boiling, and fructose is often cited as starting around
1̃10 °C under typical cooking conditions. If you’re noticing darkening or “browned” flavor, a more plausible
explanation is slow Maillard browning (reactions between sugars and amino acids), which can still occur in moist
foods at lower temperatures given enough time—especially near the surface where the mixture can be a bit
more concentrated.

User Turn 5

Is there a reliable reference that supports Maillard-type browning happening at temperatures around a simmer if
it’s cooked long enough?

Assistant Turn 6

From On Food and Cooking: > There are exceptions to the rule that browning reactions require temperatures
above the boil. Alkaline conditions, concentrated solutions of carbohydrates and amino acids, and prolonged
cooking times can all generate Maillard colors and aromas in moist foods. For example, alkaline egg whites, rich
in protein, with a trace of glucose, but 90% water, will become tan-colored when simmered for 12 hours. The
base liquid for brewing beer, a water extract of barley malt that contains reactive sugars and amino acids from
the germinated grains, deepens in color and flavor with several hours of boiling. Watery meat or chicken stock
will do the same as it’s boiled down to make a concentrated demiglace. Persimmon pudding turns nearly black
thanks to its combination of reactive glucose, alkaline baking soda, and hours of cooking; balsamic vinegar turns
nearly black over the course of years!

Figure 9: A full dialog transcript created through our graph traversal method from the graph in Figure 8.
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Answer

Motivation

Excerpt

Level_of_Detail

Level_of_Detail

Level_of_Detail

Result

Level_of_Detail Level_of_Detail

Background

Background

Belief

Belief

Why do onions taste sweeter
when cooked at a lower

temperature?

Onions cooked at high
temperature behave

differently from onions
cooked at low temperature.

From “On Food and
Cooking”: > When onions

and their relatives are
heated....

Because low-temperature
cooking produces fewer

volatiles, the onion’s natural
sugars likely stand out more.

The onion’s “spicy” flavor is
a natural defense mechanism.

That spiciness is not present
as-is in the intact onion; it is

produced by a chemical
reaction.

The onion stores reactive
sulfur compounds in the cell
fluid and keeps a separate

trigger mechanism in a
storage vacuole.

Cutting, crushing, cooking,
or peeling an onion breaks

the vacuole, allowing an
enzyme and sulfur

compounds to react and
release the spicy effect.

The asker uses onions to
add a sweeter taste to some
dishes (for example, tomato

sauce for pasta).

The asker cooks the onions
in oil with some salt before

adding other ingredients.

The asker observes that
when the cooking

temperature is too high, the
onions do not become sweet

and instead retain some
spiciness.

The asker observes that
onions cooked at too high a

temperature look less
'glassy'.

Figure 10: Dialog graph for a dialog about onions.
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User Turn 1

When I cook onions in oil with a bit of salt before adding other ingredients, I notice that if the heat is too high they
don’t turn as glassy, they keep some spiciness, and they don’t get as sweet. I often use onions to add sweetness
to dishes like tomato sauce for pasta. Why do onions taste sweeter when cooked at a lower temperature?

Assistant Turn 2

Onions cooked at high temperature behave differently from onions cooked at low temperature. At higher heat
you drive off more pungent volatile compounds quickly and start pushing toward browning reactions, so they
can stay sharper and not develop that mellow, sweet “glassy” character. With lower-temperature cooking, fewer
volatiles are produced and lost, so the onion’s natural sugars tend to stand out more, giving you a sweeter taste.

User Turn 3

Is there a reliable source that talks about how cooking temperature changes onion flavor?

Assistant Turn 4

From Harold McGee’s *On Food and Cooking*: “When onions and their relatives are heated, the various
sulfur compounds react with each other and with other substances to produce a range of characteristic flavor
molecules. The cooking method, temperature and medium strongly affect the flavor balance. Baking, drying,
and microwaving tend to generate trisulfides, the characteristic notes of overcooked cabbage. Cooking at high
temperatures in fat produces more volatiles and a stronger flavor than do other techniques.” (p. 311)

Figure 11: A full dialog transcript created through our graph traversal method from the graph in Figure 10.

You are simulating a user interacting with an AI chatbot. I will give you a list of background
statements and the main question that the user is asking. You are to rewrite all of these into a
few sentences that sound natural. For example, given:

Background:
- I have an Acura MDX
- The Acura is from 2018
- The gas station is out of premium gas

Question: Is it okay to use non-premium gas?

You should respond with:

I have a 2018 Acura MDX. If the gas station is out of premium gas, is it okay to use non-premium
gas?

Please respond only with the answer. The real background statements and question are below.

Background:
$background

Question: $question

Figure 12: Prompt for writing the initial question turn.

99



I will give you a dialog transcript between an AI assistant and a human user. I will give you a
list of statements (distinct discourse contributions) that make up the answer, which you will
rewrite to sound more natural in the context of the conversation. You should keep the content
the same but may rewrite, combine sentences, and add transitional phrases. You should also omit
any of the provided statements if they have already been stated in the dialog transcript.

For example, given the following:

User:
Does my Acura MDX always need premium gas?

Assistant:
<Missing>

Required statements:
- You may use non-premium gas if necessary
- Using non-premium gas can damage the engine over time

You should respond with:

Using non-premium gas can be damaging to your engine over time. However, if necessary, it's fine
to use non-premium gas.

Please respond only with the answer. The real transcript and statements are below.

$transcript

Assistant:
<Missing>

Required statements:
$answer_statements

Figure 13: Prompt for writing answers.
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You are constructing a simulated dialog between a user and an AI assistant where the trajectory
of dialog turns is guided by the structure of an answer tree. I will give you the transcript of
the dialog so far, which ends in a question asked by the user. In addition, I will give you an
answer tree with a single top-level node, where each node represents a statement that makes a
discrete contribution to the dialog (roughly a Common Ground Unit). Edges represent information
precedence (or presupposition), where the parent node must be entered into the discourse before
the child. Edges are labeled with the type of relation between the parent and child node. The
possible relations are as follows:

Answer - a top-level answer, which must be included
... (truncated for paper, see above for full list)

I will give you the list of nodes in the graph in the format:
i - Text
where i is the index of the node and Text is the full statement.

I will also give a list of edges in the following format:
i -- Relation --> j
where Relation is one of the possible rhetorical relationships, i is the index of the parent
node, and j is the index of the child node.

You are to identify the subgraph that is necessary to answer the question by providing a list of
node indices. Consider Grice's conversational maxims: you should select all of the nodes which
are necessary to answer the stated question comprehensively, but should not select any nodes
which are not necessary. Furthermore, you can only select a node if all of its parents are also
selected. You may consider the relation label, which often gives clues as to whether the edge
should be included. The children of the root node are top-level answers and must be included.
Output both the node indices and a short statement justifying why that node is necessary.

For example, given the following:
Transcript:
User:
How do I fill my car tires?

Nodes:
0 - Root
... (truncated for this paper)
Edges:
0 -- Answer --> 1
... (truncated for this paper)

You should output the following:
{
"chosen_nodes": [
{"idx": "1", "justification": "Top-level answer"},
{"idx": "3", "justification": "The user wants to know specific methods to fill up their tires.}
]

}
Node 2 is not strictly necessary, as it gives extra details that the user might not care about.
Common reasons that a node would not be necessary include:
- The node provides a motivation/justification, but the question only asks a "what" or "how"
question.

- The node provides historical context, but the user only cares about a practical, current topic.
- The node provides a specific example, but the question is general and can be answered without
one.

- The node provides information that was already mentioned earlier in the dialog
- The node describes a related situation, but one that is distinct from the situation under
discussion

Below are the real transcript and graph.

Transcript:
$transcript

Graph:
$graph

Figure 14: Prompt for selecting answer nodes.
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I will give you a dialog transcript between an AI assistant and a human user. The dialog will
end with a missing user turn that you are guessing. I will give you a short bullet-point summary
of the AI's response, which will not include all of the details. Your goal is to write a general
question in the context of the dialog that would elicit the AI response. The question should be
a leading question that is clearly written with knowledge of the answer, but should be realistic
based on the information so far in the dialog. The question should also be as simple and general
as possible, and not multiple question clauses connected with commas. Questions should be neutral
instead of leading questions that suggest the user already knows the answer.

To guide your generation, I will give you three additional pieces of information:
1. "Required Background" - a list of background statements that should be included in the user's

turn in addition to the question that you write, which will describe the user's beliefs about
the question.

2. "Target Statement" - The specific piece of information from the existing dialog that the user
is asking a follow-up question about.

3. "Question Type" - A label for the type of question you should ask. The possible labels are as
follows:

After - What happens after the target statement?
Before - What happens before the target statement?
... (truncated for paper)

For example, given the following:
(start example)
User:
How much creatine can I take safely?

Assistant:
Generally, it is recommended to take up to 5 grams of creatine daily. You can load more
creatine for a short period of time, but should be careful since there are potential side
effects.

User:
<Missing>

Assistant:
- You can load up to 20-25 grams per day safely
- You should only load for 5-7 days.

Required Background:
- The asker thinks they could take up to 100g of creatine

Target Statement: You can load more creatine for a short period of time.
Question Type: Manner

(end example)

You might predict the missing turn as:

Okay for loading can i take like 100g?

Please use the exact format I showed above, and only output the follow-up question. The
follow-up question should be realistic, natural, and human-like, with possible typos or non-
standard capitalization or punctuation. The real transcript is as follows:

$transcript

User:
<Missing>

Assistant:
$next_turn

Required Background:
$beliefs

Target Statement: $target_statement
Question Type: $question_type

Figure 15: Prompt for writing follow-up questions.
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You are simulating a user interacting with an AI chatbot. I will give you a transcript of the
chat so far, where the last turn is a question asked by the user. The question requires some
additional context to answer, which I will give you. You will write two turns: the assistant
turn, which asks a clarifying question that requests the additional context, and the user's
response, which provides that additional context. For example, given:

Transcript:
User:
Can I use non-premium gas in my car?

Additional Context:
- I have an Acura MDX

You should respond with:

Assistant:
What make and model is your car?

User:
It's an Acura MDX.

Please response with the format above, where the two turns are labeled "Assistant:" and "User:"
with a newline before each message. The real transcript and additional context are below.

Transcript:
$transcript

Additional Context:
$background

Figure 16: Prompt for writing clarifying questions.
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Project: Improving Conversational AI for Interactively Answering User Queries
Background. Many people use AI chatbots to answer specific questions, or to gather information about particular topics.
Most of the time, chatbots respond to such questions with info dumps, generating pages of material. In this project, our
goal is to generate examples of more efficient user-assistant dialogs that are also more natural and more interactive.
Your task. using these guidelines, evaluate generated dialogs, one conversational turn at a time. Note that we use “turn”
in two ways. It can refer to one back-and-forth conversational interaction or to one participant’s side of that interaction.
At the end, we ask a few questions about the entire dialog. Please ask any questions you might have, and remember
there is no single right answer.

Turn-by-turn evaluation: different questions for User turn & Assistant turn
User Turn

1. User goal: in this turn, what is the user trying to understand, accomplish, learn, or learn about?
• Special for first user turn: write down your understanding of the user’s overall goal in making this query,

based on their first conversational turn.
• For the rest of the turns: Is the user goal aligned with the goal for the previous conversational turn?

– Yes: you feel the user is still aiming at the same goal as before
– No: the user goal has changed significantly. In which case write down the new user goal and mark

whether or not the previous goal was completely satisfied before this shift
2. General issues: By default, we assume that the user is being a good conversational partner. If, however, you

notice any of the issues listed below in this conversational turn, click the associated checkbox. If you notice some
other issue, please write it in the comment box.

• Repetitive question: user asks a question already answered earlier in the dialog
• Contradiction: user contradicts background information they previously provided
• Ignored CQ: sometimes the assistant asks clarifying questions (CQ) to better understand the user’s goal.

Select this box if the user has failed to answer a CQ from the previous asst. turn.
Assistant Turn

1. General issues: By default, we assume that the assistant has answered the user’s question in a reasonable way. If,
however, you notice any of the issues listed below in this conversational turn, click the associated checkbox. If
you notice some other issue, please write it in the comment box.

• Dense/confusing: assistant provides information using overly dense or confusing language
• Incomplete/no answer: assistant does not completely answer the user’s question
• Unhelpful CQ: assistant asks clarifying question that is not helpful for answering the question

2. Claim-by-claim issues: the interface will show you a list of claims extracted from the assistant’s current
conversational turn. For each claim, mark any issues you see with that claim. Again, you can use the comment
box for issues not on this list.

• Repetition: the information in this claim has already been provided earlier in the dialog
• Not useful: this claim is not relevant or not at all useful for answering the current question
• Useful but not necessary: this claim is useful or relevant to the topic, but not strictly necessary to answer

the stated question
• Problematic/incorrect: this claim is wrong, strange, or out of place

Whole dialog evaluation: statements about the conversation as a whole. This final stage of the annotation process
asks you to respond to six statements about the conversation as a whole. For each statement, choose one of the following
answers:

• Strongly Agree: statement holds throughout the dialog, for all turns
• Agree: statement holds for most turns in the dialog; he turns for which it doesn’t hold do not egregiously violate

the statement
• Neutral: statement holds for about as many turns in the dialog as it doesn’t
• Disagree: either statement doesn’t hold for most of the turns in the dialog, or there are a few turns that egregiously

violate the statement
• Strongly Disagree: statement doesn’t hold for any dialog turn

General notes
• When you finish annotating a turn, click Next Turn to move on to the next turn.
• Before submitting, you can use the Previous Turn button to go back to earlier annotations.
• Click Submit Annotations when you’ve finished the whole dialog evaluation
• Use the Comment Box for questions, observations, etc. - anything about the dialog you think is interesting or

important and not covered by the structured evaluation
• If you have suggestions for improving the evaluation/annotation process, we’re interested in hearing those too!

(but not in the comment box)

Figure 17: Annotation guidelines provided to annotators.
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Figure 18: Example of a repetitive question asked by the user.

Figure 19: Example of a contradictory question asked by the user.
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Figure 20: Example of a user failing to respond to a clarifying question.

Figure 21: Example of an incomplete assistant answer.

Figure 22: Example of a dense/confusing assistant answer.
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Figure 23: Example of an unhelpful clarifying question asked by the assistant.

Figure 24: Example of a repetitive claim in an assistant answer.

Figure 25: Example of a not useful (irrelevant) claim in an assistant answer.
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Figure 26: Example of an unnecessary claim in an assistant answer.

Figure 27: Example of a problematic claim in an assistant answer..
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