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Abstract

Synthetic dialogue corpora are increasingly
used as proxies for target data, yet persona-
grounded generators optimize individual con-
versations rather than corpus composition,
yielding plausible dialogues with distorted
population-level behavior mixes. We introduce
GroupPersona, a framework that aligns syn-
thetic corpora with a reference behavior distri-
bution. GroupPersona turns population statis-
tics into generation controls by discovering re-
curring behavioral groups in the reference cor-
pus and using their prevalence and interaction
patterns to condition user agents.

We evaluate corpus-level fidelity through be-
havioral alignment and structural preservation,
measured by average Jensen–Shannon distance
over 12 behavior attributes and 5 dialogue struc-
ture attributes, respectively. Across four cor-
pora spanning two source families and two con-
struction regimes, GroupPersona reduces be-
havioral Jensen–Shannon distance from 0.234
to 0.177 over the best-average baseline, a
24.4% reduction. It is best or tied-best on all
four corpora. It maintains comparable struc-
tural distance at 0.167 versus 0.169. Together,
these results show that GroupPersona improves
population-level behavioral fidelity while pre-
serving dialogue structure.

1 Introduction

Persona-grounded dialogue synthesis has become
a common way to create realistic conversational
data. By assigning a persona or user profile to a
generator, prior work can produce dialogues that
are fluent, coherent, and locally consistent with
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a user description (Zhang et al., 2018; Jandaghi
et al., 2024; Cheng et al., 2024; Wang et al., 2025).
These synthetic dialogues are increasingly used
beyond individual examples to expand scarce train-
ing data, support user-simulator evaluation, stress-
test assistants, and build personalization bench-
marks (Suresh et al., 2025; Li et al., 2025a; Dou
et al., 2025; Zhao et al., 2025). In these settings,
generated dialogues function as corpus-level prox-
ies for target user populations.

This corpus-level use exposes a failure mode that
per-dialogue persona checks cannot capture. A gen-
erator may produce dialogues that are individually
fluent and persona-consistent while still produc-
ing the wrong mix of user behaviors. For exam-
ple, a synthetic population may over-represent ex-
ploratory and polite users while under-representing
terse, persistent, or task-abandoning users. An as-
sistant evaluated on such data is tested against a
population different from the one it is intended
to serve, even if every generated dialogue is in-
dividually plausible. We call this mismatch be-
tween synthetic and reference behavior distribu-
tions behavior-distribution misalignment.

Addressing this problem requires turning corpus-
level behavior statistics into generation-time con-
trols. The control unit must be frequent enough
to estimate reliably, expressive enough to repre-
sent recurring behavior mixtures, and interpretable
enough to guide an LLM user agent. Existing al-
ternatives satisfy these requirements only partially.
Individual personas provide local conditioning but
do not specify corpus composition (Zhang et al.,
2018; Jandaghi et al., 2024; Cheng et al., 2024;
Wang et al., 2025). Exact behavior tuples make
composition explicit but can fragment the data



Figure 1: GroupPersona overview. The pipeline extracts source attributes, removes rule-derivable behavior labels
to form behavioral groups, enriches group profiles, and uses prevalence-weighted groups for dialogue generation.

into sparse joint cases; classic association-rule and
frequent-pattern mining instead target recurring co-
occurrences without requiring every complete tuple
to recur (Agrawal et al., 1993; Agrawal and Srikant,
1994; Han et al., 2007). Latent clusters reduce spar-
sity, but their identifiers are difficult to translate
into generation instructions.

To address these limitations, we introduce
GroupPersona, a framework that turns corpus-
level behavior patterns into explicit generation-time
controls. Figure 1 gives an overview. GroupPer-
sona is built around two design choices. First, it
separates behavioral identity from dialogue form:
categorical behavior labels define groups, while
continuous structural statistics such as turn count
and utterance length are reserved for profile enrich-
ment and evaluation. Second, it prevents redundant
behavior labels from disproportionately shaping
group formation by treating labels predictable from
others as consequences rather than independent
group-defining signals.

These choices yield a compact behavioral signa-
ture for each dialogue that retains the information
most useful for distinguishing interaction patterns.
Dialogues with similar signatures are then orga-
nized into recurring behavioral groups.

To turn these behavioral groups into generation
controls, each group is converted into a user-agent
profile containing behavior roots that define group
identity, behavior tendencies that capture common
accompanying patterns, and structural statistics that
guide dialogue shape. During synthesis, groups
are sampled according to their prevalence in the
reference corpus, and the corresponding profiles
condition the user agent. The assistant remains

fixed and group-blind, ensuring that GroupPer-
sona’s population-level control is carried by the
user side.

We evaluate corpus-level fidelity through behav-
ioral alignment and structural preservation, using
distributional distance over 12 behavior attributes
and 5 dialogue structure attributes. As a secondary
diagnostic, we also assess whether synthetic conver-
sations remain calibrated to the quality character-
istics of the reference data. Because fidelity to the
reference corpus is the target, higher quality scores
are not necessarily better; we therefore treat quality
as a calibration diagnostic rather than an objective
to maximize. GroupPersona improves behavioral
alignment by 24.4% over the best-average baseline
while preserving comparable structural fidelity. It
also more closely matches reference-conversation
quality than the next-best baseline. Together, these
results show improved population-level behavioral
fidelity without sacrificing dialogue structure or
reference-like quality.

We make three contributions:

• Population alignment target. We identify
behavior-distribution misalignment as a corpus-
level failure mode of synthetic dialogue genera-
tion and formulate fidelity as matching reference
behavior distributions while preserving dialogue
structure.

• Group-conditioned control. We propose
GroupPersona, which distills dialogues into
core behavioral signatures and converts recur-
ring groups into prevalence-weighted controls
for user-agent synthesis.

• Alignment gains. Across four corpora, Group-
Persona improves behavioral alignment by



24.4% while preserving structural fidelity, with
additional quality-calibration results showing
closer agreement with reference conversations.

2 Related Work

Persona-grounded dialogue synthesis and user
simulation. Personalized dialogue generation
conditions models on explicit personas, user pro-
files, or interaction histories to improve consistency
with individual speakers (Li et al., 2016b; Mazaré
et al., 2018; Zhang et al., 2018; Wolf et al., 2019).
Recent work extends this paradigm through richer
persona construction, faithful persona-based gen-
eration, user adaptation, implicit or long-term pro-
files, and customizable role-playing agents (Kim
et al., 2023; Jandaghi et al., 2024; Cheng et al.,
2024; Wang et al., 2025; Li et al., 2025b; Yang
et al., 2025). Synthetic dialogues are also widely
used for low-resource data generation, multi-agent
simulation, user-simulator evaluation, and person-
alization benchmarks (Suresh et al., 2025; Li et al.,
2025a; Dou et al., 2025; Zhao et al., 2025). These
approaches primarily control or evaluate individ-
ual conversations. GroupPersona instead targets
corpus composition by asking whether synthetic
dialogues collectively preserve the behavior distri-
bution of a reference population.

Corpus-level fidelity and population-level con-
trol. Prior work on language generation shows
that individually plausible outputs can still diverge
from target data in aggregate properties (Hashimoto
et al., 2019; Li et al., 2016a; Holtzman et al., 2020;
Welleck et al., 2020), while dialogue evaluation
motivates behavior-aware criteria beyond scalar
quality scores (Mehri and Eskenazi, 2020; Finch
and Choi, 2020). These lines of work provide tools
for measuring distributional or behavioral differ-
ences, but do not directly translate a reference pop-
ulation’s behavior distribution into generation-time
controls. GroupPersona addresses this gap by con-
structing interpretable behavioral groups from re-
curring dependencies in the reference corpus and
using their prevalence to control synthesis. Its
group discovery combines association-rule min-
ing for transparent dependencies (Agrawal et al.,
1993; Agrawal and Srikant, 1994; Han et al., 2007)
with LLM verification for semantic filtering (Zheng
et al., 2023; Gu et al., 2024).

3 Population-Level Alignment Protocol

We formulate population-level alignment as pre-
serving the behavioral composition of a reference
corpus while maintaining its basic dialogue struc-
ture. Let X = {xn}Nn=1 denote the reference
corpus and X̂ = {x̂m}Mm=1 the synthetic corpus,
where each element is a complete dialogue. A fea-
ture extractor ϕ maps each dialogue to D dialogue-
level attributes,

ϕ(x) = (ϕ1(x), . . . , ϕD(x)).

We partition these attributes into behavioral at-
tributes B and structural attributes S. Behavioral
attributes describe how users interact, including pri-
mary intent, interaction mode, and politeness strat-
egy. Structural attributes describe dialogue form,
including turn count and utterance length. This
separation makes behavioral fidelity the primary
target while using structure to check that improved
alignment does not distort basic dialogue form.

Categorical attributes are counted directly, while
continuous structural attributes are discretized us-
ing quantile bins computed from the reference cor-
pus and applied to both corpora.

For each attribute d, we quantify the mismatch
between the reference distribution pd and the syn-
thetic distribution p̂d using Jensen–Shannon (JS)
distance. Let md = (pd + p̂d)/2:

dJS(pd, p̂d) =
√︂

1
2KL(pd∥md) +

1
2KL(p̂d∥md).

JS distance is symmetric and bounded, and remains
well-defined when an attribute value appears in
only one of the two corpora.

We then average these per-attribute distances
separately over behavioral and structural attributes:

Behav-JS =
1

|B|
∑︂
d∈B

dJS(pd, p̂d), (1)

Struct-JS =
1

|S|
∑︂
d∈S

dJS(pd, p̂d). (2)

Lower values indicate closer agreement with the
reference corpus. We use Behav-JS as the primary
measure of population-level behavioral alignment
and Struct-JS as a preservation check on dialogue
form.

4 GroupPersona: Group-Conditioned
Population Alignment

GroupPersona turns behavior patterns in a refer-
ence corpus into generation controls that preserve



its population composition. As shown in Figure 1,
it extracts behavioral and structural attributes, re-
duces redundant behavior labels to compact sig-
natures, organizes recurring signatures into be-
havioral groups, enriches each group into a user-
agent profile, and samples groups according to their
reference-corpus prevalence during synthesis.

4.1 Stage 1: Extracting Source Attributes
GroupPersona represents each reference dialogue
with two types of attributes that play different roles
in the pipeline. Behavior attributes capture how
the user interacts and provide the categorical sig-
nals used for group discovery. Structural attributes,
such as turn count and utterance length, describe
dialogue form and are used for profile enrichment
and structural evaluation. Keeping these roles sep-
arate prevents group discovery from being driven
by surface properties such as dialogue length.

For example, a dialogue with brief, direct re-
quests can be labelled as command-style, task-
focused, and short in its behavioral representa-
tion, while its turn count and utterance lengths are
recorded separately as structural attributes. The
Stage 1 output row of Table 1 carries this exam-
ple forward through the subsequent grouping and
profile-enrichment stages.

The behavioral schema is grounded in prior work
on intent modeling (Sarikaya, 2017), user adapta-
tion and dialogue evaluation (Cheng et al., 2024;
Finch and Choi, 2020; Mehri and Eskenazi, 2020),
and spoken-dialogue error handling (Bohus, 2004;
Bohus and Rudnicky, 2005). Based on these per-
spectives, we define 12 behavioral dimensions cov-
ering intent and interaction mode, user type and
goal, brevity and persistence, topic cohesion and
politeness, flexibility and adaptability, and repair
and recovery behavior. Each dialogue receives one
categorical value for each dimension. Full defini-
tions, value vocabularies, and annotation rules are
provided in Appendix A.

4.2 Stage 2: Discovering Behavioral Groups
The behavioral labels extracted in §4.1 provide a
rich description of each dialogue, but using the full
12-dimensional combination directly would frag-
ment the corpus into many sparse behavior tuples.
Some labels are also redundant because they are
predictable from other behaviors in the same di-
alogue. GroupPersona addresses both issues by
removing locally predictable labels and grouping
dialogues using the resulting compact behavioral

Table 1: Running GroupPersona trace from labels to
profile.

Pipeline step Trace

Stage 1
output

command-style, task-focused, short, direct,
. . .

Verified rule command-style + task-focused ⇒ short
Reduced
signature

command-style, task-focused, direct, . . .
short removed

Behavioral
group

Roots: command-style, task-focused

Enriched
profile

Roots: command-style, task-focused
Tendency: short responses

signatures.

Verified rules. We represent each dialogue x as
a set Px of 12 behavior attribute–value pairs and
mine candidate dependencies of the form

A ⇒ ℓt,

where A contains one to three behavior pairs and
ℓt = (a = v) is another behavior pair. Such a rule
indicates that the behaviors in A reliably predict
the target behavior ℓt in the group-discovery data.
In the running example, the Verified rule row of
Table 1 marks short responses as predictable from
command-style and task-focused behavior.

Candidate rules are screened by support, confi-
dence, and lift and pruned to minimal antecedents.
Because statistical associations may reflect dupli-
cated labels, corpus templates, or incidental corre-
lations, an LLM verifier assesses each minimal rule
using its statistics and matched group-discovery ex-
amples. Only accepted rules can mark a target as
rule-derivable. Full mining criteria, pruning de-
tails, verifier prompts, and diagnostics are provided
in Appendices J and K.

Reduced signatures. Accepted rules are applied
locally to each dialogue. Starting from the full label
set Px, GroupPersona removes a target ℓt when an
accepted rule A⋆ ⇒ ℓt applies. Rules are applied
iteratively until no further target can be removed,
yielding the reduced signature Rx.

The reduction is dialogue-specific, so the same
behavior label may be removed in one dialogue and
retained in another. In the Reduced signature row
of Table 1, short is removed from group identity
while the remaining labels continue to characterize
the dialogue. Removed labels are retained for later
profile enrichment.



Behavioral groups. GroupPersona forms groups
from similar reduced signatures. At each step, the
most frequent signature among the remaining di-
alogues is selected as a seed Rs. An unassigned
dialogue joins the group when its signature has
sufficient Jaccard similarity to the seed:

J(Rx, Rs) =
|Rx ∩Rs|
|Rx ∪Rs|

≥ τjacc.

The procedure repeats until all dialogues have been
assigned.

After grouping, we select up to Kmax behavior
roots to give each valid group an interpretable iden-
tity. A retained behavior pair ℓ = (a = v) qualifies
as a root when it is both common within group
C and distinctive relative to the group-discovery
population:

Pr[ℓ | C] ≥ τhom,
Pr[ℓ | C]

Pr[ℓ]
≥ τlift.

The Behavioral group row of Table 1 shows how
the retained command-style and task-focused la-
bels become roots of the resulting group. Select-
ing roots from reduced signatures prevents rule-
derivable consequences from defining group iden-
tity. Small clusters or clusters without an admissi-
ble root are treated as residuals and merged into the
nearest valid group. The locked grouping configu-
ration and residual-handling details are provided in
Appendix J.

4.3 Stage 3: Enriching Group Profiles
The groups discovered in §4.2 provide compact
population units, but synthesis requires a richer
description of how their members typically interact.
GroupPersona therefore converts each valid group
into a user-agent profile with three complementary
fields.

Behavior roots define the group’s core behav-
ioral identity. Behavior tendencies summarize fre-
quent non-root patterns, including labels removed
during signature reduction. Structural statistics
summarize dialogue form, including turn count,
word count, and utterance length.

Together, these fields separate group identity
from its typical realization. The Enriched pro-
file row of Table 1 completes the running trace:
command-style and task-focused remain roots,
while short responses return as a tendency without
defining group membership. Structural statistics
then provide the expected dialogue shape. A com-
plete example profile is provided in Appendix M.

4.4 Stage 4: Prevalence-Weighted
Group-Conditioned Synthesis

The final stage turns behavioral groups into corpus-
level generation controls. Let Cg denote group g af-
ter residual assignment. Its sampling probability is
determined by its prevalence in the group-discovery
data:

πg =
|Cg|∑︁
h |Ch|

.

For each synthetic dialogue, GroupPersona sam-
ples a group according to πg and conditions the
user agent on the corresponding profile together
with the dialogue prefix.

Prevalence-weighted sampling controls the com-
position of the synthetic corpus, while the selected
profile controls how the user behaves within an in-
dividual dialogue. The assistant remains fixed and
group-blind, receiving only the visible dialogue
history and following a generic assistant prompt.
Thus, population-level information enters synthesis
through the user side without exposing the assistant
to group metadata. Full user-agent and assistant-
agent prompts are provided in Appendix O.

5 Evaluation Setup: PopAlign-Bench

Benchmark design. No single existing source
simultaneously provides a controlled dialogue set-
ting, broad behavioral diversity, and a unified user–
assistant evaluation format, motivating the con-
struction of PopAlign-Bench. PopAlign-Bench
is designed to test whether population alignment
holds across different interaction populations and
remains robust to changes in how the same un-
derlying content is expressed. To cover differ-
ent interaction settings, we combine structured
task-oriented and knowledge-grounded dialogues
with broader, less scripted Reddit discussions.
Specifically, PopAlign-Bench is constructed from
MultiWOZ 2.2 (Zang et al., 2020), Wizard of
Wikipedia (Dinan et al., 2019), and Pushshift Red-
dit (Baumgartner et al., 2020).

We vary these two factors in a 2 × 2 design.
The source-family axis contains a Dialogue fam-
ily, combining MultiWOZ 2.2 and Wizard of
Wikipedia, and a Reddit family derived from
Pushshift discussions. The construction-regime
axis contains Basic, which retains the source in-
teraction structure with minimal standardization,
and Advanced, which recasts the same underlying
content into a controlled user–assistant format with
greater linguistic and interaction-style variation.



Figure 2: Evaluation protocol. All methods continue the same fixed test histories and differ only in conditioning.
GroupPersona uses train-derived behavioral groups and prevalence. Behav-JS and Struct-JS are the main metrics,
with reference–reference and quality calibration as diagnostics.

This yields Dialogue-Basic, Dialogue-Advanced,
Reddit-Basic, and Reddit-Advanced, each with
1,000 training and 500 test conversations.

Evaluation protocol. Training data are used only
for method-specific conditioning. For GroupPer-
sona, 200 conversations from the training split are
held out for configuration selection. The remaining
800 training conversations are used for rule min-
ing, verification, signature reduction, behavioral-
group discovery, and prevalence estimation. The
500-conversation test split is used only for reported
evaluation and is never used for configuration se-
lection.

For each test dialogue, all methods start from
the same observed history and differ only in the
additional conditioning provided during generation.
This provides a controlled comparison of the differ-
ent conditioning strategies. Figure 2 summarizes
the protocol.

Scoring, validation, and diagnostics. All gen-
erated corpora are scored with the same labelling
and extraction pipeline. Behav-JS and Struct-JS
are defined in §3. We validate the behavior la-
beller on 200 independently human-labelled con-
versations, where it achieves 0.85 macro-F1 and
κ = 0.77 against the adjudicated human reference.
Full per-dimension results and annotation details
are provided in Appendix L.

We also report two diagnostics. Reference–
reference distance is computed between the ref-
erence marginals of the training and test splits of
the same corpus. Quality calibration measures how
closely synthetic conversations match the quality

Table 2: Method-specific conditioning. All methods
share the same fixed test history; baseline details are in
Appendix C.

Method(s) Additional conditioning

GroupPersona Train-derived behavioral groups
and prevalence

ConceptPersona
FaithfulPersona
PersonaLens

Per-record persona or profile

AutoPAL
Interlocutor

User or persona adaptation

DiaSynth, ICL Planning or demonstrations

characteristics of reference conversations, rather
than rewarding higher judge scores alone. Full cali-
bration details are provided in Appendix P. Unless
otherwise noted, main-text results use Claude Son-
net 4 for behavior labelling. Bootstrap confidence
intervals are reported in Appendix G.

Compared methods. All methods start from the
same fixed test histories and differ only in their
additional conditioning, summarized in Table 2.
GroupPersona estimates population-level behav-
ioral groups and their prevalence from the remain-
ing 800 training conversations, while baselines
adapt their respective persona-, profile-, adaptation-
, planning-, or demonstration-based conditioning
strategies to the shared benchmark format.

We compare against seven baselines spanning
these conditioning strategies: AutoPAL (Cheng
et al., 2024), ConceptPersona (Kim et al., 2023),
DiaSynth (Suresh et al., 2025), FaithfulPer-
sona (Jandaghi et al., 2024), ICL (Brown et al.,
2020), Interlocutor (Occhipinti et al., 2025), and



PersonaLens (Zhao et al., 2025). Baseline adapta-
tions and prompts are detailed in Appendix C.

6 Experiments

We organize the experiments around four questions:
whether GroupPersona improves population-level
alignment, whether the discovered groups explain
the gain, which profile signals drive synthesis, and
whether the resulting conversations remain cali-
brated to reference quality. All experiments follow
the setup in §5.

6.1 Q1. Does GroupPersona improve
population-level alignment?

Q1 asks whether population-derived group controls
improve behavioral alignment without sacrificing
dialogue form.

GroupPersona improves behavioral alignment
across settings. GroupPersona achieves the low-
est average Behav-JS in Table 3, reducing it from
0.234 for the best-average baseline to 0.177, a
24.4% reduction. It is best or tied-best on all four
corpora, with the largest gains on Dialogue-Basic
and Reddit-Advanced, a smaller gain on Dialogue-
Advanced, and a tie on Reddit-Basic. The improve-
ment therefore holds across both source families
and construction regimes rather than being driven
by a single benchmark setting.

Local plausibility does not ensure population
fidelity. Table 4 gives a concrete view of the dis-
tributional difference. The reference continuation
is command-style, task-focused, short, and direct.
GroupPersona preserves this interaction pattern,
whereas PersonaLens shifts toward a longer, more
exploratory exchange from the same history. Both
continuations are locally plausible, but only one
preserves the reference interaction pattern.

Behavioral gains preserve form and extend be-
yond the behavior schema. GroupPersona main-
tains structural alignment comparable to the best-
average baseline, with average Struct-JS of 0.167
versus 0.169. The gain also appears in label spaces
never used for group construction. Ext-Act, av-
eraged over MIDAS and DailyDialog dialogue
acts (Yu and Yu, 2021; Li et al., 2017), improves
by 23% over the best-average baseline, while Ext-
E/T remains near the best baseline at 0.068 versus
0.066. These checks indicate that the behavioral
gain is not obtained by distorting dialogue form or
narrowly overfitting the 12-dimensional behavior

schema. External label spaces are described in Ap-
pendix H, with per-corpus results in Appendix Ta-
ble 10.

The gain is not tied to one synthesis or labelling
family. Because both dialogue synthesis and be-
havior labelling rely on LLMs, we test whether the
observed gain is specific to either the synthesizer or
labeller family. For this robustness analysis, we use
ConceptPersona, a strong baseline that, in our adap-
tation, shares GroupPersona’s behavior-label vo-
cabulary but represents each record independently
rather than through population-level behavioral
groups. Table 5 evaluates three settings while keep-
ing the benchmark and rewriting procedure fixed:
Claude Sonnet 4 for both synthesis and labelling,
DeepSeek-R1 for both, and Claude synthesis with
independent DeepSeek-R1 relabelling. The first
two test whether the gain transfers across synthe-
sis families, while the third isolates sensitivity to
the labeller. GroupPersona improves over Concept-
Persona in all three settings, reducing Behav-JS
by 21.4%–24.7%. Thus, the alignment gain per-
sists across model families and under independent
relabelling.

6.2 Q2. Do the discovered behavioral groups
explain the gain?

Q2 tests whether the improvement comes from
GroupPersona’s specific group-discovery proce-
dure rather than from group conditioning alone.
We also test whether LLM verification contributes
beyond statistical rule mining. Table 6 compares
these alternatives, with full per-corpus results in
Appendix Table 11.

Behaviorally structured groups drive the gain.
Replacing GroupPersona’s groups while keeping
the synthesis pipeline unchanged substantially
weakens behavioral alignment. Average Behav-JS
rises from 0.177 to 0.207 with k-means groups and
to 0.245 with random groups. The benefit there-
fore does not come from adding an arbitrary group
identifier, but from organizing dialogues around
recurring behavioral structure.

The resulting grouping also remains practically
sized, producing 74–94 groups across corpora with
residual rates of 8.9%–9.2%. This preserves popu-
lation heterogeneity without leaving a large fraction
of dialogues outside the discovered groups. Exact
per-corpus diagnostics are reported in Appendix Ta-
ble 13.



Table 3: Distribution alignment on PopAlign-Bench under Claude Sonnet 4 labelling. Dialogue-B/A and
Reddit-B/A denote Basic/Advanced. Columns report Behav-JS by corpus and average Behav-JS, Struct-JS, Ext-Act,
and Ext-E/T. Lower is better; bold and underline mark the best and second-best non-reference results.

Behav-JS by corpus Average checks

Method Dialogue-B Dialogue-A Reddit-B Reddit-A Behav Struct Ext-Act Ext-E/T

AutoPAL 0.244 0.256 0.187 0.274 0.240 0.170 0.167 0.073
ConceptPersona 0.236 0.252 0.181 0.269 0.235 0.177 0.154 0.070
DiaSynth 0.247 0.259 0.162 0.288 0.239 0.176 0.155 0.070
FaithfulPersona 0.235 0.263 0.156 0.280 0.234 0.169 0.145 0.072
ICL 0.327 0.323 0.310 0.316 0.319 0.231 0.248 0.085
Interlocutor 0.232 0.254 0.265 0.284 0.258 0.183 0.186 0.081
PersonaLens 0.245 0.271 0.210 0.284 0.253 0.176 0.168 0.066

GroupPersona 0.148 0.228 0.156 0.174 0.177 0.167 0.112 0.068

Reference 0.030 0.024 0.029 0.023 0.026 0.085 — —

Table 4: Same-history user continuations. All methods continue the same restaurant-search history; assistant turns
are omitted. Full continuations and conditioning details are in Appendix D.

Source User continuation Interaction pattern

Reference “Italian works.” → “What’s the address?” → “Phone number?” Command-style,
task-focused, short, direct

GroupPersona “Italian.” → “Address.” → “Phone?” Command-style,
task-focused, short, direct

PersonaLens “I’d like Italian, something not too expensive.” → “Can you tell
me where it is and how to reach them?” → “Do they take
reservations for tonight. . . ”

QA-style, exploratory,
medium, polite

Table 5: Cross-family robustness on Behav-JS (↓).
R/S/L denotes rewriter/synthesizer/labeller: C = Claude
Sonnet 4, D = DeepSeek-R1. Reduction is relative to
ConceptPersona (↑). GroupPersona results are bolded.

Setting R/S/L GroupP. ConceptP. Red.

In-family synth. + label
Claude Sonnet 4 C/C/C 0.177 0.235 24.7%
DeepSeek-R1 C/D/D 0.187 0.238 21.4%

Out-of-family relabel
C→D C/C/D 0.177 0.234 24.4%

Semantic verification improves signature re-
duction. The LLM verifier filters statistically
strong dependencies that may reflect duplicated
labels, corpus-specific templates, or incidental co-
occurrence rather than meaningful behavioral re-
lationships. For example, it rejects a high-scoring
rule linking response brevity = short to topic co-
hesion = fragmented when the association reflects
a construction-specific co-occurrence, so the rule
removes no label during signature reduction. Re-
moving this step increases average Behav-JS from
0.177 to 0.189, showing that statistical rule min-
ing alone is less effective. A human audit of 320

rules rated the verifier decisions 3.83/5 on average
(Appendix L). Full diagnostics and implementation
details are provided in Appendix J.

6.3 Q3. Which profile signals matter for
synthesis?

Q3 asks what information is needed to realize a se-
lected behavioral group during synthesis. We keep
the discovered groups and the selected group for
each dialogue fixed, and remove one conditioning
component at a time: the source prefix, natural-
language root guidance, behavior tendencies, or
structural statistics. The group’s explicit root iden-
tifier is retained in every ablation, so differences
reflect how each profile component guides genera-
tion rather than changes in group selection.

Root guidance and structure matter most.
Removing structural statistics increases average
Behav-JS by 0.066, while removing the natural-
language root guidance increases it by 0.041. This
shows that selecting the right group is not enough.
The user agent also needs explicit cues about how
the group behaves and how its dialogues are typi-
cally structured. Source context and behavior ten-
dencies also help, but their effects are smaller.



Table 6: GroupPersona ablations under Claude Sonnet 4 labelling (Jensen–Shannon distance, ↓). Per-corpus columns
report Behav-JS. Average columns report Behav-JS, its change from GroupPersona-full (∆; positive is worse),
Struct-JS, Ext-Act, and Ext-E/T. Within each ablation block, bold and underline mark the largest and second-largest
Behav-JS degradations.

Behav-JS by corpus Average checks

Variant Dialogue-B Dialogue-A Reddit-B Reddit-A Behav ∆ Struct Ext-Act Ext-E/T

GroupPersona-full 0.148 0.228 0.156 0.174 0.177 – 0.167 0.112 0.068

Group-discovery ablations
no LLM rule verifier 0.160 0.230 0.174 0.191 0.189 +0.012 0.167 0.128 0.066
k-means groups 0.182 0.248 0.194 0.205 0.207 +0.030 0.167 0.143 0.074
random groups 0.233 0.264 0.235 0.246 0.245 +0.068 0.167 0.174 0.079

Profile-conditioning ablations
− source prefix 0.129 0.265 0.231 0.176 0.200 +0.023 0.177 0.146 0.068
− root-guidance paragraph 0.223 0.281 0.190 0.178 0.218 +0.041 0.194 0.166 0.072
− behavior tendencies 0.149 0.265 0.174 0.155 0.186 +0.009 0.154 0.135 0.069
− structural statistics 0.256 0.276 0.216 0.224 0.243 +0.066 0.221 0.173 0.067

Table 7: Quality calibration to reference conversations.
Avg. averages the eight judge dimensions; MAD mea-
sures deviation from the reference-conversation quality
profile. Full scores are in Table 16.

Method Avg. score MAD↓

Reference 6.92 0.00

AutoPAL 5.03 1.89
ConceptPersona 8.31 1.39
DiaSynth 8.69 1.77
FaithfulPersona 8.07 1.15
ICL 6.01 0.91
Interlocutor 5.44 1.49
PersonaLens 8.49 1.57

GroupPersona 7.45 0.63

The full profile is most consistent. No single
ablation improves performance consistently across
corpora or evaluation axes. Each component con-
tributes a different signal, and using them together
produces the most reliable alignment overall.

6.4 Q4. Does GroupPersona preserve
reference-like conversation quality?

Q4 asks whether improved behavioral alignment
comes at the cost of shifting conversation quality
away from the reference corpus. Higher LLM-
as-Judge scores are not necessarily better because
synthetic conversations can become overly pol-
ished. We therefore compare each method’s 8-
dimensional quality profile with that of the refer-
ence conversations using mean absolute deviation
(MAD). Lower MAD indicates closer agreement
with the reference. Full rubric and per-corpus re-
sults are provided in Appendix P.

GroupPersona is closest to the reference quality
profile. GroupPersona achieves the lowest MAD
at 0.63, compared with 0.91 for ICL, the closest
baseline. Several persona-based baselines score
above the reference range, while AutoPAL and
Interlocutor fall below it. GroupPersona therefore
improves behavioral fidelity without making the
synthetic corpus systematically more polished or
lower quality than the reference conversations.

7 Conclusion

We introduced GroupPersona, a framework for ad-
dressing behavior-distribution misalignment in syn-
thetic dialogue corpora. While persona-grounded
generators can produce plausible individual conver-
sations, they do not necessarily preserve the behav-
ior mix of a reference population. GroupPersona
addresses this gap by turning recurring population
behavior patterns into prevalence-weighted group
controls for user-agent synthesis.

Across four PopAlign-Bench corpora, GroupPer-
sona reduces average Behav-JS by 24.4% relative
to the best-average baseline while maintaining com-
parable structural alignment. Additional analyses
show that the gain persists across synthesis and
labelling families and that the resulting conversa-
tions remain closer to the reference quality pro-
file. This suggests that corpus-level fidelity should
be evaluated alongside the plausibility of individ-
ual synthetic conversations. Together, these re-
sults show that population-level behavioral fidelity
can be explicitly measured and improved through
group-conditioned generation.



Limitations

GroupPersona has several limitations. First, group
discovery uses fixed thresholds, which may not
transfer optimally across corpora with different
levels of behavioral diversity. Second, behav-
ior labelling and rule verification rely on strong
LLMs, although we validate the labeller against hu-
man annotations and test robustness across model
families. Third, PopAlign-Bench covers English
task-oriented, knowledge-grounded, and social-
discussion data, so other languages, domains, and
modalities may require schema adaptation. Finally,
the quality-calibration analysis in §6.4 is a sec-
ondary diagnostic based on a single judge family
and does not establish downstream training or de-
ployment utility.

Ethical Considerations

We use the source datasets under their existing li-
censes. Reddit discussions are de-identified before
labelling by removing URLs and user mentions,
and the synthetic dialogues do not use private user
data. LLM-based rule verification and evaluation
are performed offline.

Because population alignment can preserve un-
desirable patterns present in the reference cor-
pus, GroupPersona may also reproduce source-
corpus biases. We report behavior dimensions sep-
arately so that such distributional patterns remain
inspectable.
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A Behavioral schema: provenance and
value vocabulary

The 12 behavioral dimensions span three cover-
age axes informed by prior work. Intent dynam-
ics (primary intent type, interaction mode, user
type) are motivated by intent-oriented personal-
assistant architectures (Sarikaya, 2017); interaction
management (response brevity, user goal profile,
persistence level, topic cohesion, politeness strat-
egy, interaction flexibility) is informed by work on
adaptive personal agents and multi-dimensional
dialogue evaluation (Cheng et al., 2024; Finch
and Choi, 2020; Mehri and Eskenazi, 2020); user–
system dynamics (persona adaptability, repair be-
havior, error recovery style) is informed by spoken-
dialogue error awareness and recovery (Bohus,
2004; Bohus and Rudnicky, 2005). Each dimen-
sion is observable at the conversation level, discrete

with a 2–7-value vocabulary, and domain-agnostic.
The full per-dimension definitions, value vocabu-
laries, and tie-break rules used by the LLM labeller
are reproduced below.

12-dimension per-record labelling prompt (full)

Role. You are an expert in conversation behaviour analy-
sis. Given one complete user–assistant dialogue, assign
exactly one categorical label per dimension. The labels
are aggregated across a large corpus for distributional
analysis, so consistency of interpretation matters more
than per-dialogue expressiveness.
Input. A single dialogue with turns alternating between
user: and assistant:.
Critical constraints. (1) Output only a single valid JSON
object; no Markdown, no prose, no trailing commas. (2)
Use exactly the twelve keys listed below; no missing or
extra keys. (3) Each value must be one of the allowed
options for that key, or the sentinel "unknown" permitted
by (4). (4) If a label cannot be reliably inferred from
the conversation alone, output "unknown". (5) Rely on
observable behaviour; do not hallucinate user intent or
demographics.
Dimension definitions and value vocabularies.
1. primary_intent_type ∈ {General_Task,
Info-seeking, Chitchat, Music, Reminder, Alarm,
Smart_Home}. The dominant intent category across the
user’s turns; ties are resolved by the opening request.
2. interaction_mode ∈ {Command-style, QA-style,
Multi-turn_Dialog-style}. Command = imperative one-
shot; QA = question → answer pattern; Multi-turn = ≥ 3
back-and-forth turns building on prior context.
3. user_type ∈ {Power_User, One-shot_User, Tasker,
Casual}. Power = exploits advanced options; One-shot
= ends after one exchange; Tasker = follows a task plan;
Casual = informal, low engagement.
4. response_brevity ∈ {Short, Medium, Long}. Me-
dian user-utterance word count: Short ≤ 6, Medium
7–20, Long ≥ 21.
5. user_goal_profile ∈ {Tasker, Explorer, Goal-
switcher, Chatter}. Tasker = single goal pursued to com-
pletion; Explorer = probing/learning; Goal-switcher =
≥ 2 goal changes; Chatter = social, no goal.
6. persistence_level ∈ {High, Medium, Low}. After
a failed/unhelpful system reply: High = retries ≥ 3×;
Medium = 1–2 retries; Low = abandons.
7. topic_cohesion ∈ {High, Medium, Fragmented}.
High = one topic; Medium = related topics; Fragmented
= ≥ 2 unrelated topics.
8. politeness_strategy ∈ {Direct, Polite, Formal,
Friendly}. Direct = imperative, no marker; Polite
= “please/thanks”; Formal = third-person/honorifics;
Friendly = casual greetings, emotive language.
9. interaction_flexibility ∈ {Adaptive, Static}.
Adaptive = reformulates after misunderstanding; Static =
repeats verbatim or gives up.
10. persona_adaptability ∈ {High, Low}. High =
tone/style shifts to match system; Low = constant tone
regardless.
11. repair_behavior ∈ {Rephrase, Clarify, Ignore,
Retry}. After a breakdown: Rephrase = restates differ-
ently; Clarify = adds info / asks back; Ignore = moves on;
Retry = repeats identically.
12. error_recovery_style ∈ {Clarification_Request,
Repetition, Restart, Task_Abandonment}. Dominant
strategy when the system errs: ask for clarification, repeat,
restart conversation, or abandon the task.
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Output format.
{

"primary_intent_type": "...",
"interaction_mode": "...",
"user_type": "...",
"response_brevity": "...",
"user_goal_profile": "...",
"persistence_level": "...",
"topic_cohesion": "...",
"politeness_strategy": "...",
"interaction_flexibility": "...",
"persona_adaptability": "...",
"repair_behavior": "...",
"error_recovery_style": "..."

}

Tie-breaking. If two values are equally supported, pick
the one earlier in the value vocabulary. If the dialogue
is too short (< 4 turns) to infer a dimension, return
"unknown" for that key rather than guess.

B PopAlign-Bench corpus construction
and reference floors

The benchmark follows the 2×2 design in §5:
source family (dialogue datasets vs. Reddit dis-
cussions) crossed with construction regime (Basic
vs. Advanced). The source-family axis changes
the user population; the regime axis changes the
surface realisation of that population. All four cells
share the same schema, scoring code, reference-
floor estimator, and released source-history identi-
fiers.

Source-family axis. The Dialogue family com-
bines MultiWOZ-2.2 (Zang et al., 2020) task-
oriented dialogues with Wizard-of-Wikipedia (Di-
nan et al., 2019) knowledge-grounded chitchat in
a fixed 70/30 split. This mixture covers goal-
driven information seeking and casual knowledge-
grounded exchange. The Reddit family is built
from Pushshift Reddit (Baumgartner et al., 2020)
threads in AskReddit, askphilosophy, advice, NoS-
tupidQuestions, and relationship_advice. Each con-
versation is one top-level post followed by the three-
deepest top-rated comment chain, with handles,
URLs, and subreddit names stripped. This family
covers longer, less task-scripted opinion exchange
and advice-seeking. The train-train cross-family
Behav-JS is 0.15–0.16 (Tab. 8), roughly five to
seven times the within-corpus reference floor, so
averaging across the two families does not hide
family-specific failures.

Construction regime. The Basic regime keeps
lightly normalised source dialogues and uses them
directly as the reference. The Advanced regime
re-renders every turn of the same source dialogue

with a Claude Sonnet 4 diversity-promoting rewrite
prompt. The prompt preserves speaker identity,
intent, and information content per turn, while
varying phrasing, vocabulary, politeness markers,
and turn length within reasonable bounds. Empir-
ically, the rewriter changes the structural distribu-
tion (Struct-JS Basic–Advanced = 0.31) but leaves
the behavioral distribution close to the within-
corpus floor (Behav-JS Basic–Advanced = 0.022).
We therefore use Advanced variants as controlled
stress tests for surface-form drift, not as claims
about naturally occurring population samples. The
dataset-transformation prompt is reproduced be-
low.

Dataset-to-TOD transformation prompt (full)

This prompt converts a source dialogue (MultiWOZ /
Wizard-of-Wikipedia / Pushshift Reddit thread) into a
task-oriented user–assistant dialogue suitable for behav-
ioral labelling. It runs in two sequential steps. Step 1
extracts the semantic core; Step 2 regenerates the dia-
logue under a target behavioural profile (one profile for
the Basic variants, four profiles for the Advanced vari-
ants).
Step 1 — Semantic core extraction.
Role. You are an expert conversation analyst. Given a
raw dialogue (or a Reddit thread that has already been
pre-processed to remove URLs, user mentions, and sub-
reddit references), extract the semantic core that any new
conversation on the same topic must preserve.
Output (strict JSON).

{
"core_user_need": "...",
"key_information": ["..."],
"task_sequence": ["..."],
"domain": "...",
"critical_details": ["..."]

}

• core_user_need: the fundamental goal the user is
trying to accomplish.

• key_information: essential facts, named entities,
and context.

• task_sequence: ordered list of main sub-
objectives.

• domain: subject area (e.g. travel, cooking, technical
support).

• critical_details: specific constraints, prefer-
ences, or numeric values.

Step 2 — Behavioural profile instantiation.
Role. You are a conversation generator. Given the se-
mantic core from Step 1 and a target behavioural profile,
produce a new user–assistant dialogue that faithfully in-
stantiates the profile.
Constraints (apply to every variant). (1) Generate 10–40
alternating turns, labelled user: and assistant:. (2)
Preserve every fact in the semantic core. (3) Do not copy
more than 5 contiguous words from the source dialogue.
(4) Each turn is natural-language, no system tokens.
Profiles.



Basic — short-request baseline. User turns are concise
(1–2 sentences), task-focused, direct, no courtesy markers.
Assistant responds context-appropriately.
Advanced (four profiles, one dialogue per profile per
semantic core).

• (a) Short-request, unhelpful user. User repeatedly
expresses dissatisfaction and resists assistant sug-
gestions before grudgingly accepting one.

• (b) Short-request, topic shift. User makes at
least two abrupt unrelated topic changes mid-
conversation, returning briefly to the main task only
at the end.

• (c) Short-request, early termination. User abandons
the task before completion with an explicit closing
signal (e.g. “nevermind, forget it”).

• (d) Short-request, baseline. Standard short-request
behaviour as in Basic.

Reddit specifics. For Reddit-Basic / Reddit-Advanced,
Step 1 runs on the pre-processed thread (post body + top-3
comment chain with URLs, handles, and subreddit names
stripped). Step 2 is identical to the Dialogue variants.
Output for both steps is strict JSON; no surrounding
text.

Per-cell sizing, splits, and reference floors.
Each corpus contains 1,000 training conversa-
tions and 500 test conversations with fixed source-
history identifiers. The train split supplies per-
sona, example, cluster, and pattern information
to generators; the test split is the JS reference.
Reference–reference distance is computed between
the reference marginals of the training and test
splits of the same corpus. The Behav-JS floors
are 0.030/0.024/0.029/0.023, and the Struct-JS
floors are 0.076/0.087/0.094/0.086 for Dialogue-
Basic / Dialogue-Advanced / Reddit-Basic / Reddit-
Advanced, respectively.

Cross-corpus JS as scale anchors. Table 8 re-
ports JS between the train splits of the four cor-
pora. Behavioral JS between Basic and Advanced
variants of the same source is 0.022, close to the
within-corpus floor. Behavioral JS between the
dialogue datasets and Reddit discussions is 0.15–
0.16, which gives the natural scale of two distinct
source populations. The cross-population values
provide a scale anchor rather than a mathematical
ceiling; GroupPersona’s headline Behav-JS values
are reported relative to both this anchor and the
within-corpus floor.

C Baseline implementation details

All baselines are adapted to the same PopAlign-
Bench input-output format. The synthesis LLM is
held fixed to Claude Sonnet 4 across baselines and

Table 8: Cross-corpus JS between train splits. Only the
upper triangle is shown because JS distance is symmet-
ric. Behav-JS stays near the reference floor for same-
source Basic/Advanced variants and is much larger
across the dialogue datasets and Reddit discussions;
Struct-JS is more sensitive to surface-form changes.
Bold marks Basic/Advanced comparisons within the
same source family.

Dia-B Dia-A Red-B Red-A

Behav-JS, train↔train
Dia-B — 0.022 0.160 0.158
Dia-A – — 0.150 0.151
Red-B – – — 0.022
Red-A – – – —

Struct-JS, train↔train
Dia-B — 0.313 0.716 0.739
Dia-A – — 0.718 0.699
Red-B – – — 0.308
Red-A – – – —

Reference Behav 0.023–0.030; Struct 0.076–0.094

GroupPersona; the same per-corpus train split sup-
plies persona, example, or profile information, and
the same test split is used as the JS reference. Thus
differences in JS reflect how each method repre-
sents and conditions on the source population rather
than which backbone or evaluator is used. The
baseline conditioning setups are described below;
the GroupPersona synthesis prompt is reported in
App. O.

AutoPAL-inspired (Cheng et al., 2024). We
adapt AutoPAL’s idea of conditioning persona
adaptation on user interactions into a static persona-
conditioned synthesis baseline. Each synthesis
record is conditioned on an automatically gener-
ated long-form user persona. In our adaptation, the
synthesis LLM first writes a one-paragraph free-
text profile covering preferences, topics of interest,
and conversational habits, then uses it as the user-
agent system prompt; we use Claude Sonnet 4 for
parity.

ConceptPersona-inspired (Kim et al., 2023).
We adapt CPX’s concept-based persona-expansion
idea to the benchmark’s behavior vocabulary. In
our adaptation, each user persona is constructed by
retrieving conceptually related attributes from an at-
tribute pool, where the pool is the union of distinct
values observed in the train split’s 12-dimensional
behavioral labels. This gives the baseline access
to the same label vocabulary as GroupPersona, but
it produces per-record attribute bags rather than



per-group root signatures.

DiaSynth-inspired (Suresh et al., 2025). We
adapt DiaSynth’s topic–subtopic–persona condi-
tioning pipeline. In our adaptation, a topic-and-
subtopic taxonomy is mined from the train split
by clustering free-text topic labels into 30 topic
and 90 subtopic cells. Synthesis is conditioned on
a sampled topic-subtopic pair and a one-line user
persona, with the topic seed drawn proportionally
to the train-set topic marginal.

FaithfulPersona-inspired (Jandaghi et al., 2024).
We adapt its generator–critic filtering principle to
persona construction. In our adaptation, a gener-
ation pass writes a candidate short-text persona
for one source prefix, and a verifier pass accepts
only personas above a fixed consistency threshold.
Both generator and verifier use Claude Sonnet 4
for parity.

ICL (Brown et al., 2020). Four randomly drawn
train conversations are placed in the synthesis
prompt as in-context examples. No explicit per-
sona or structured conditioning is provided, so this
serves as a lower-information example-based base-
line.

Interlocutor-inspired (Occhipinti et al., 2025).
We adapt Interlocutor’s explicit conditioning on
both the target speaker’s persona and the interlocu-
tor’s profile. The user agent is conditioned on a
single user persona, and the assistant agent is condi-
tioned on a separately mined assistant persona; the
two agents then run a multi-turn dialogue without
a shared group identifier. Both personas are mined
from the train split for this benchmark adaptation.

PersonaLens-inspired (Zhao et al., 2025). We
adapt PersonaLens’s profile-conditioned user-
simulation setup to PopAlign-Bench. In our adap-
tation, each synthesis profile uses five fields—
occupation, domain, expertise, tone, and intent—
drawn from train marginals, and synthesis is con-
ditioned on this profile plus a sampled task slot.
These five fields are our benchmark adaptation
rather than PersonaLens’s original profile schema.

D Conditioning differences on a shared
test history

This appendix expands the qualitative example in
§6.1. It traces one fixed test history through Group-
Persona and every baseline, showing what each
method attaches to that history before synthesis

and how the resulting user behavior compares with
the reference continuation. Every method receives
the identical opening:

user: Need cheap restaurant downtown.
assistant: I can help you find an
affordable restaurant downtown. What
type of cuisine are you interested in?

The reference continuation for this history is la-
belled command-style interaction, a task-focused
user goal, short responses, and direct phrasing, with
a median user utterance of about two words.

Table 9 summarizes what each method passes to
the user agent and which behavior dimensions then
diverge from the reference. GroupPersona alone
carries a training-population behavior mix; the
other methods condition on per-record attributes,
personas, plans, or examples, allowing interaction
style to drift.

Full continuations. The three continuations be-
low are taken from our experiment records and
relabelled by the scoring pipeline used in the main
results.

Continuations of the same fixed history

Reference.
user: Italian works.
assistant: I found Mama’s Kitchen, an Italian
restaurant downtown with budget-friendly
prices. They serve classic pasta dishes and
pizzas at reasonable rates.
user: What’s the address?
assistant: Mama’s Kitchen is located at 412
Pine Street in the downtown area.
user: Phone number?
assistant: Their phone number is (555)
847-2901.
user: Thanks.
assistant: You’re welcome! Enjoy your meal at
Mama’s Kitchen.

Relabelled: command-style, task-focused, short responses,
direct phrasing; median user utterance ≈ 2 words.

GroupPersona.
user: Italian.
assistant: Mama’s Kitchen on Pine Street is
an affordable Italian spot downtown. Want the
address or phone?
user: Address.
assistant: 412 Pine Street, downtown.
user: Phone?
assistant: (555) 847-2901.
user: Thanks.
assistant: You’re welcome — enjoy your meal!

Relabelled: command-style, task-focused, short responses,
direct phrasing; median user utterance ≈ 1–2 words.

PersonaLens.
user: I’d like Italian, something not too
expensive.
assistant: Mama’s Kitchen downtown fits —
budget-friendly Italian.



Table 9: What each method attaches to the same fixed test history. The reference continuation for this history is
command-style, task-focused, short, and direct. Only GroupPersona conditions on a behavior mix estimated from
the training population; the remaining methods condition on signals derived from the history or sampled per record.

Method Conditioning passed to the user agent Dimensions that di-
verge from the refer-
ence

User-turn
length

GroupPersona The labels read off the history are linked to a train-
derived group profile: command-style interaction and
a task-focused goal as roots; short responses, high
topic cohesion, and direct phrasing as tendencies;
about five turns with two- to four-word user utterances
as structural guidance.

none stays short

ConceptPersona The same history labels are expanded into a per-record
attribute bag: task-focused goal, medium response
length, low persistence, high topic cohesion, adaptive
interaction.

brevity, politeness longer

FaithfulPersona The history labels are rewritten as a short free-text
profile: asks for things directly and briefly, wants
quick practical answers, does not chat beyond the task.

brevity, politeness longer

PersonaLens A structured identity-and-task record is sampled: of-
fice worker, restaurant domain, novice expertise, direct
tone, and the task of finding a cheap nearby place.

interaction mode, goal,
brevity, politeness

longer

AutoPAL A long-form persona is written before synthesis:
prefers quick local food help, likes trying new places,
may ask about dishes, ambience, and options.

interaction mode, goal,
politeness

longer, unstable

Interlocutor Biography-style personas are created for both agents:
a chatty, exploratory user interested in discovering
local restaurants, and an enthusiastic local-food guide.

interaction mode, goal,
brevity, politeness

longer

DiaSynth A topic-driven plan is built: dining out, budget restau-
rant search, an inexpensive-restaurant seeker, with
casual, curious, and extended traits.

interaction mode, goal,
brevity, politeness

longer

ICL Four raw training conversations are placed in the
prompt, with no labels, persona, or length target.

interaction mode, polite-
ness

varies with the
drawn examples

user: Can you tell me where it is and how to
reach them?
assistant: 412 Pine Street, downtown; phone
(555) 847-2901.
user: Do they take reservations for tonight,
and is there parking nearby?
assistant: I’d recommend calling them directly
to confirm both.
user: Okay, I’ll do that. Thanks for the help.
assistant: You’re welcome!

Relabelled: QA-style, exploratory goal, medium re-
sponses, polite phrasing; median user utterance ≈ 9.5
words.

The history is identical in all three cases; the
difference comes from the signal attached to it, a
prevalence-selected population profile for Group-
Persona against an independently sampled per-
record profile for PersonaLens.

E Full Q1 distribution-alignment results

Table 10 expands Table 3 by reporting per-corpus
Struct-JS, Ext-Act, and Ext-E/T in addition to
Behav-JS. The main text keeps per-corpus Behav-
JS and average checks in Table 3 to make the pri-
mary comparison readable.

F Full Q2–Q3 ablation results

Table 11 expands Table 6 by reporting per-corpus
Struct-JS, Ext-Act, and Ext-E/T for each ablation.
The variant names follow Table 6: group-discovery
ablations test the discovered grouping mechanism,
and profile-conditioning ablations test synthesis-
time inputs.

G Bootstrap confidence intervals

Per-corpus bootstrap 95% CIs on Behav-JS are
computed by resampling synthesis and test records
at the conversation level (200 iterations, percentile
method). Table 12 reports GroupPersona-full ver-
sus the best baseline per (corpus, labelling-family)
cell. The GroupPersona CI is disjoint from the
best-baseline CI on Dialogue-Basic and Reddit-
Advanced under both families. On Dialogue-
Advanced under Claude Sonnet 4 the displayed
intervals meet at the rounded endpoint 0.241; the
remaining Dialogue-Advanced and Reddit-Basic
intervals overlap, consistent with the smaller abso-
lute gaps in §6.1.



Table 10: Full per-corpus distribution-alignment results under Claude Sonnet 4 labelling (Jensen–Shannon distance,
↓). Average results are reported in Table 3; this table expands the per-corpus structural and external checks. Bold
and underline mark best and second-best non-reference values in each column.

Dialogue-Basic Dialogue-Advanced Reddit-Basic Reddit-Advanced

Method Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T

AutoPAL 0.244 0.172 0.157 0.074 0.256 0.179 0.183 0.052 0.187 0.148 0.163 0.084 0.274 0.182 0.165 0.081
ConceptPersona 0.236 0.162 0.137 0.083 0.252 0.200 0.163 0.053 0.181 0.164 0.172 0.063 0.269 0.182 0.144 0.082
DiaSynth 0.247 0.169 0.138 0.081 0.259 0.211 0.161 0.053 0.162 0.156 0.171 0.069 0.288 0.169 0.152 0.075
FaithfulPersona 0.235 0.164 0.140 0.069 0.263 0.188 0.153 0.053 0.156 0.150 0.146 0.069 0.280 0.176 0.140 0.095
ICL 0.327 0.250 0.238 0.071 0.323 0.215 0.264 0.067 0.310 0.238 0.262 0.093 0.316 0.220 0.229 0.109
Interlocutor 0.232 0.175 0.171 0.089 0.254 0.190 0.209 0.074 0.265 0.197 0.178 0.080 0.284 0.169 0.188 0.080
PersonaLens 0.245 0.175 0.159 0.076 0.271 0.187 0.182 0.047 0.210 0.176 0.170 0.067 0.284 0.166 0.160 0.075

GroupPersona (ours) 0.148 0.177 0.115 0.076 0.228 0.194 0.120 0.043 0.156 0.170 0.109 0.086 0.174 0.125 0.103 0.067

Reference (reference–reference) 0.030 0.076 — — 0.024 0.087 — — 0.029 0.094 — — 0.023 0.086 — —

Table 11: Full per-corpus GroupPersona ablation results under Claude Sonnet 4 labelling (Jensen–Shannon distance,
↓). Average results are reported in Table 6; this table expands the per-corpus structural and external checks. Lower
is better.

Dialogue-B Dialogue-A Reddit-B Reddit-A

Variant Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T Behav Struct Ext-Act Ext-E/T

GroupPersona-full 0.148 0.177 0.115 0.076 0.228 0.194 0.120 0.043 0.156 0.170 0.109 0.086 0.174 0.125 0.103 0.067

Group-discovery ablations
no LLM rule verifier 0.160 0.177 0.125 0.066 0.230 0.194 0.143 0.042 0.174 0.170 0.132 0.076 0.191 0.125 0.111 0.082
k-means groups 0.182 0.177 0.149 0.088 0.248 0.194 0.142 0.045 0.194 0.170 0.153 0.086 0.205 0.125 0.128 0.076
random groups 0.233 0.177 0.160 0.091 0.264 0.194 0.185 0.051 0.235 0.170 0.185 0.080 0.246 0.125 0.164 0.093

Profile-conditioning ablations
− source prefix 0.129 0.126 0.127 0.072 0.265 0.197 0.155 0.051 0.231 0.219 0.166 0.082 0.176 0.165 0.137 0.067
− root-guidance paragraph 0.223 0.191 0.153 0.057 0.281 0.229 0.185 0.057 0.190 0.209 0.169 0.093 0.178 0.148 0.158 0.080
− behavior tendencies 0.149 0.140 0.127 0.072 0.265 0.204 0.152 0.046 0.174 0.161 0.143 0.063 0.155 0.110 0.117 0.094
− structural statistics 0.256 0.232 0.169 0.069 0.276 0.238 0.191 0.031 0.216 0.210 0.184 0.086 0.224 0.204 0.146 0.080

Table 12: Conversation-level bootstrap 95% CIs for
Behav-JS (200 resamples). GA: GroupPersona-full.
Best BL: best baseline per (corpus, family) cell. 3

marks (corpus, family) cells where the GA and best-
baseline CIs are disjoint (separation at the 95% level).

Corpus Family GA 95% CI Best BL 95% CI

Dialogue-Basic Claude Sonnet 4 [0.140, 0.166]3 [0.223, 0.246]
DeepSeek-R1 [0.149, 0.178]3 [0.225, 0.246]

Dialogue-Advanced Claude Sonnet 4 [0.213, 0.241] [0.241, 0.264]
DeepSeek-R1 [0.229, 0.260] [0.243, 0.263]

Reddit-Basic Claude Sonnet 4 [0.147, 0.172] [0.149, 0.170]
DeepSeek-R1 [0.154, 0.178] [0.161, 0.184]

Reddit-Advanced Claude Sonnet 4 [0.167, 0.191]3 [0.260, 0.279]
DeepSeek-R1 [0.168, 0.192]3 [0.259, 0.283]

H External scoring axes

Metric definition. The two external columns in
Tables 3 and 6 summarize JS over four axes from
prior dialogue-annotation schemes. Ext-Act aver-
ages MIDAS and DailyDialog dialogue-act JS; be-
cause these act spaces overlap our schema through
intent, interaction mode, and politeness-related be-
havior, it serves as an external interaction-behavior
check. Ext-E/T averages DailyDialog emotion and
topic JS, which are outside our behavior schema
and serve as drift checks. None of these axes is
used for group construction or synthesis.

Source taxonomies. MIDAS (Yu and Yu, 2021)
defines 23 per-user-turn functional and social acts,
including statements, opinions, complaints, com-
mands, open- and yes/no questions, thanks, apolo-
gies, and closings; it overlaps our interaction-mode,
primary-intent, and politeness dimensions. Group-
Persona’s cross-corpus average on MIDAS is 0.132
versus 0.159 for the best-average baseline. Daily-
Dialog (Li et al., 2017) provides a 4-way act axis
(inform, question, directive, commissive), a 7-way
emotion axis, and a 10-way topic axis. Its act labels
partially overlap intent and interaction mode, while
emotion and topic are non-degradation checks that
no benchmark baseline directly conditions on.

Extraction protocol. For every corpus-method
cell, both synthetic and test conversations are la-
belled under each external schema using a Claude
Sonnet 4 labeller with the published rubric and
value vocabulary. MIDAS labels are assigned per
user turn; DailyDialog labels are assigned as dom-
inant conversation-level act, emotion, and topic.
We compute empirical marginals over the relevant
unit and JS between synthetic and test marginals,
then average the two act distances for Ext-Act and
the DailyDialog emotion and topic distances for



Ext-E/T. As a calibration check, relabelling a 200-
conversation subset with DeepSeek-R1 changes
per-axis JS by at most 0.012.

I Per-dimension behavioral JS radar

Figure 3 disaggregates the Behav, Struct, Ext-Act,
and Ext-E/T columns of Table 3. Relative to
FaithfulPersona and averaged over corpora, Group-
Persona’s largest behavioral improvements occur
on response_brevity, politeness_strategy,
and error_recovery_style;
persona_adaptability is approximately
tied and slightly worse for GroupPersona. The
identity-style dimensions are already approxi-
mately matched by strong baselines. On structural
axes, methods sit in a tight band. On external axes,
GroupPersona improves the partially overlapping
MIDAS and DailyDialog act axes, while Daily-
Dialog emotion and topic remain close across
methods.

J Group-discovery diagnostics and locked
configuration

This appendix reports the implementation details
behind Stage 2, including rule thresholds, minimal-
rule pruning, LLM verification, reduced-signature
construction, greedy Jaccard clustering, root admis-
sion, residual handling, and diagnostics.

Group-discovery normalization. Before rule
mining, the group-discovery pipeline merges a
small number of semantically adjacent long-tail
values: Reminder/Alarm/Smart_Home become
Device-Action; Casual/One-shot_User become
Casual_or_Oneshot; Explorer/Goal-switcher be-
come Explorer_or_Switcher; Polite/Formal be-
come Polite_or_Formal; Ignore/Retry become Ig-
nore_or_Retry; and Restart/Task_Abandonment be-
come Restart_or_Abandon. This normalization is
used only for group discovery; all reported Behav-
JS results use the original vocabularies in App. A.

Verified rules. Each dialogue starts as a set Px

of 12 behavior attribute–value pairs. We mine as-
sociation rules over the 800-conversation group-
discovery set with antecedent arity 1–3. A rule
predicts a target behavior pair ℓt = (a = v) from
antecedent pairs A, written as A ⇒ ℓt. Candidate
rules must satisfy confidence ≥ 0.80, lift ≥ 1.3,
and support ≥ 0.03. They are scored by

score(r) = conf(r) log2 lift(r)
√︁

support(r).

For each multi-pair antecedent, we backward-prune
to a minimal sufficient subset A⋆. An antecedent
pair ℓ is removed from A when its deletion reduces
confidence by at most δ = 0.05:

conf(A ⇒ ℓt)− conf(A \ {ℓ} ⇒ ℓt) ≤ δ.

Pruning that leaves confidence unchanged or higher
therefore also qualifies. Rules that collapse to the
same (A⋆, ℓt) are deduplicated. Each deduplicated
minimal rule is then judged by the LLM verifier
described in App. K. Only accepted rules can mark
a target pair as derivable.

Reduced signatures. Accepted rules are applied
independently within each dialogue. Rules are
scanned in increasing antecedent arity and applied
to a fixed point. Starting from R

(0)
x = Px, a

target ℓt is removed only when ℓt ∈ R
(t)
x and

A⋆ ⊆ R
(t)
x \ {ℓt}. The scan then restarts on the

reduced set, and the fixed point is the clustering
signature Rx. The size of Rx can vary across dia-
logues because different rules fire in different local
contexts.

Verifier reliability is evaluated in Appendix L.

Greedy Jaccard clustering. Dialogues are clus-
tered in the reduced-signature space using a deter-
ministic single-pass procedure. Among unassigned
dialogues, we select the most frequent remaining
reduced signature as the seed Rs. The cluster ab-
sorbs every unassigned dialogue x whose reduced
signature satisfies

J(Rx, Rs) =
|Rx ∩Rs|
|Rx ∪Rs|

≥ τjacc.

Absorbed dialogues are removed from the pool, and
the process repeats until all dialogues are assigned.
Ties are resolved using a fixed ordering.

Root admission and residual handling. After
clustering, each valid cluster is named by up to
Kmax root pairs. A root pair is a retained behavior
pair ℓ = (a = v) that is both common inside cluster
C and distinctive relative to the group-discovery
split:

Pr[ℓ | C] ≥ τhom,
Pr[ℓ | C]

Pr[ℓ]
≥ τlift.

Clusters smaller than τsize or without any admis-
sible root pair are placed in the residual set. At
synthesis time, each residual cluster is merged into
the nearest valid group by average Jaccard similar-
ity.
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Figure 3: Per-dimension JS radar for GroupPersona-full and three representative baselines under Claude Sonnet 4.
Rows show Behav-JS, Struct-JS, Ext-Act, and Ext-E/T; columns show the four corpora. Lower is better. The three
rows use different radial scales (0.80, 0.45, and 0.35), so shapes should be compared within a row rather than across
rows. GroupPersona’s largest average behavioral gains over FaithfulPersona are on brevity, politeness, and error
recovery.

Locked configuration and diagnostics. The
locked configuration is

(τhom, τlift, τjacc) = (0.60, 1.15, 0.50),

(τsize,Kmax) = (3, 4).

For GroupPersona, 200 conversations from the
training split are held out for configuration selec-
tion. The remaining 800 training conversations are
used for rule mining, verification, signature reduc-
tion, behavioral-group discovery, and prevalence
estimation. The 500-conversation test split is used
only for reported evaluation and is never used for
configuration selection.

Table 13 reports the exact group counts and
residual rates from these 800-conversation group-
discovery sets.

Table 14 shows two actual groups from the
Dialogue-Basic group-discovery set. It illustrates
how compact root signatures coexist with hetero-
geneous but strongly skewed non-root behavior
tendencies.

Table 13: Group-discovery diagnostics for each cor-
pus’s remaining 800 training conversations. Residual
rate is the percentage of those conversations placed in
the residual set before nearest-group reassignment at
synthesis time.

Corpus Groups Residual (%)

Dialogue-Basic 90 9.2
Dialogue-Advanced 74 8.9
Reddit-Basic 94 9.1
Reddit-Advanced 82 9.0

K LLM judge rubric for minimal-rule
verification

This appendix details the LLM verification step
used in Stage 2. After backward pruning, each can-
didate minimal rule is written as A⋆ ⇒ ℓt, where
A⋆ is a minimal set of antecedent behavior pairs
and ℓt = (a = v) is the target behavior pair. The
verifier is used only to filter mined rules before sig-
nature reduction. It does not generate rules, cluster
dialogues, or score synthetic conversations.

For each minimal rule, the judge receives four in-
puts: the rule in plain text, its support, confidence,
lift, and pattern score, three matched training ex-



Table 14: Dialogue-Basic case study of two groups discovered from the remaining 800 training conversations under
the locked configuration (τhom, τlift, τsize,Kmax) = (0.60, 1.15, 3, 4). Group A is the largest 4-root group; Group B
is the smallest 2-root group admitted under the size floor. Roots are the (dimension, value) pairs that satisfy in-group
homogeneity ≥ τhom and lift ≥ τlift (§4.2); the LLM judge verifies reduction rules, not roots. Non-root rows show
conditional marginals Pr[D′ | g], which act as characteristic patterns at synthesis time.

Field Group A (casual chitchat) Group B (one-shot impatient)

Cluster size 53 records 5 records
# of roots admitted 4 2

Root signature — the group identifier

primary_intent_type Chitchat (root) non-root: Info-seeking 60%, Music 20%, Smart_Home 20%
interaction_mode Multi-turn_Dialog-style (root) non-root: QA-style 100%
user_type Casual (root) One-shot_User (root)
user_goal_profile Chatter (root) non-root: Explorer 60%, Goal-switcher 20%, Tasker 20%
response_brevity non-root: Long 81%, Medium 11%, Short 8% Short (root)

Non-root marginals — characteristic patterns at synthesis

persistence_level Low 53%, Medium 34%, High 13% Medium 80%, High 20%
topic_cohesion Medium 77%, Fragmented 17%, High 6% High 80%, Fragmented 20%
politeness_strategy Formal 36%, Polite 25%, Friendly 23% Direct 60%, Polite 40%
interaction_flexibility Adaptive 74%, Static 26% Static 80%, Adaptive 20%
persona_adaptability High 83%, Low 17% Low 60%, High 40%
repair_behavior Clarify 47%, Rephrase 23%, Ignore 19% Rephrase 80%, Retry 20%
error_recovery_style Restart 45%, Clarification_Req. 23%, Task_Abandon. 17% Repetition 80%, Restart 20%

amples whose behavior-pair sets contain A⋆, and
the parent rule before pruning. The matched ex-
amples mark whether ℓt is also present, allowing
the judge to check whether the rule reflects a mean-
ingful behavior dependency rather than a template
artifact, near-duplicate label, or unsupported cor-
relation. The parent rule is included to verify that
pruning did not remove a semantically necessary
antecedent.

The judge returns is_reasonable ∈ {0, 1},
confidence ∈ [0, 1], and a brief justification. Only
rules with is_reasonable=1 can mark a target
pair as derivable during signature reduction in §4.2.
The full prompt, accept/reject rubric, and output
format are reproduced below.

LLM pattern-judge prompt (full)

Role. You are a senior dialogue researcher review-
ing one minimal association rule for inclusion in a
group-conditioned synthesis pipeline. The rule has been
backward-pruned to the smallest pair-subset whose confi-
dence on the consequent is at most δ=0.05 below that of
the parent rule. Accepted rules will be used to drop the
consequent pair from a dialogue whenever the dialogue’s
other 11 pairs already contain the minimal antecedent.
Your job is to decide whether the minimal rule still re-
flects a semantically plausible user-behaviour regularity,
not merely a statistical artefact, given its corpus statis-
tics, the parent rule, and three example conversations that
match the antecedent.
Input.

• minimal_rule: the minimal an-
tecedent A⋆ and consequent (D=d),
e.g. “(primary_intent_type=Chitchat)
AND (user_type=Casual) ⇒

(user_goal_profile=Chatter)”.

• parent_rule: the rule from which A⋆ was pruned
(or the same rule if already minimal), so you can
sanity-check that minimisation did not strip a se-
mantically necessary atom.

• stats: support, confidence, lift,
pattern_score computed on A⋆.

• examples: 3 example conversations (verbatim
turns) whose 12 attribute-value pairs contain A⋆;
for each example, also show whether the pair-set
also contains the consequent.

Decision criterion. The minimal rule is reasonable iff (i)
a reader can articulate why the minimal antecedent would
imply the consequent (causal, definitional, or strong be-
havioural correlation) independent of the numbers, (ii)
the minimal antecedent is not missing a semantically
necessary atom that the parent carried, (iii) the statis-
tics meet the pre-filter floors (confidence ≥ 0.80, lift
≥ 1.3, support ≥ 0.03; near-threshold rules deserve
extra scrutiny), and (iv) at least 2 of the 3 example con-
versations visibly contain both the antecedent and the
consequent.
Reject if any of the following.

• Sampling artefact: lift barely above 1; consequent
is the marginal mode anyway.

• Tautology: consequent is a rephrasing of the an-
tecedent on the same dimension.

• Example contradiction: conversations matching the
antecedent do not exhibit the consequent.

• Generic-prior consequent: consequent is unknown
or a default category and the lift is driven by that
prior.

• Template-induced co-occurrence: the link is
mechanically forced by the corpus generation
pipeline (e.g. “interaction_mode=QA-style ⇒
turn_count=2” in a synthesised QA dataset).



Output (strict JSON; no surrounding text).
{

"is_reasonable": true|false,
"confidence": 0.0,
"reasoning": "..."

}

The confidence field is your self-reported confidence in
the binary decision; it is recorded for analysis and is not
used for rule filtering. The reasoning field must be one
short sentence that cites the concrete signal driving the
decision (e.g. “all three examples show short imperative
turns, consistent with the consequent”).

L Human validation protocol

Two LLM-driven steps are validated against human
judgment: per-dialogue behavior labelling and per-
rule accept/reject decisions. The audit was con-
ducted by project-internal expert annotators for re-
search validation; no external participants or crowd-
workers were recruited or paid, and no new per-
sonal data were collected. Annotators worked only
from observable conversational behavior, without
inferring demographics, private attributes, or un-
stated intent. Rule ratings use a 1–5 scale, where
higher scores indicate stronger agreement; both ver-
ifier reliability and labelling agreement are reported
below.

Rule-verification audit. For each of the four cor-
pora and two generation settings (Claude Sonnet 4
and DeepSeek-R1), we sample 40 minimal rules,
giving 4 × 2 × 40 = 320 rules in total. Each
rule is rated for whether the minimal antecedent
still captures a plausible user-behavior regularity
for the consequent rather than a template artifact,
duplicate label, or unsupported correlation, and,
where applicable, whether the parent rule’s pruning
kept the semantics. The reported human rating of
3.83 ± 0.12 is pooled across these rules; Claude
Sonnet 4 is used as the verifier throughout.

Agreement with an adjudicated human refer-
ence. To measure the labeller directly, two anno-
tators independently labelled all 12 dimensions for
50 conversations from each corpus, 200 in total.
Human–human κ is computed before discussion;
the remaining disagreements are then resolved into
an adjudicated human reference, against which the
default labeller is scored.

Table 15 reports per-dimension agreement. The
default labeller agrees strongly with the adjudicated
reference (macro-F1 0.85, κ = 0.77), close to the
κ = 0.82 the two annotators reach with each other.

Agreement is lowest on persistence, adaptability,
and repair or recovery, which depend on failure
and adjustment events that occur in only part of the
data, but remains substantial on every dimension.

LLM-as-Judge prompt for reference-conversation-
anchored quality rating

Role. You are a senior dialogue-systems researcher rat-
ing one candidate conversation on standard conversation-
quality dimensions. Use the target-corpus examples to
calibrate what score levels are typical for this corpus
rather than silently replacing them with an idealised stan-
dard. Do not directly score similarity to the examples;
assign the candidate’s level on each quality dimension.
Input.

• candidate_conversation: the full multi-turn
transcript to rate.

• corpus_description: a one-paragraph descrip-
tion of the reference corpus (domain, register, ex-
pected user behavior, interaction style).

• reference_examples: three reference conversa-
tions randomly sampled from the reference corpus,
included verbatim so the judge can anchor against
“what the reference corpus looks like” rather than
an idealised prior.

Calibration note in the prompt. The prompt explicitly
states that reference conversations are imperfect — they
contain hesitation, mid-stream topic changes, false starts,
repair, persistence, mood shifts, and varied turn lengths —
so the judge should not automatically assign maximum
scores to unusually polished conversations. Candidate
and reference conversations are rated with the same de-
scriptive scale; calibration is assessed only after scoring.
Dimensions (1–10, higher = more of the named quality
property).

• Flow: the degree of smooth, natural progression
and plausible pacing.

• H-Con (User Consistency): the degree to which
the user maintains a coherent behavior pattern (ver-
bosity, politeness, persistence) within the conversa-
tion.

• A-Con (Assistant Consistency): the consistency
of the assistant’s style and capability.

• Ctx (Context Utilisation): the degree to which
later turns use information from earlier turns.

• Turn: the naturalness and balance of turn lengths
and turn-taking rhythm.

• Topic: the coherence of topic introduction, mainte-
nance, and transitions.

• Use (Usefulness): the usefulness of the reached
outcome, judged on the same scale for candidates
and references.

• Ovrl (Overall Quality): a holistic assessment of
conversation quality.

Output (strict JSON).
{

"flow": <float 1.0-10.0>,
"h_con": <float 1.0-10.0>,



Table 15: Per-dimension agreement with an adjudicated human reference. LLM columns refer to the default
labeller, Claude Sonnet 4.

Behavioral dimension LLM–human F1 Human–human κ LLM–human κ

Primary intent type 0.85 0.87 0.82
Interaction mode 0.89 0.86 0.83
User type 0.83 0.82 0.75
Response brevity 0.96 0.92 0.92
User goal profile 0.85 0.83 0.77
Persistence level 0.79 0.76 0.69
Topic cohesion 0.86 0.84 0.79
Politeness strategy 0.89 0.88 0.84
Interaction flexibility 0.82 0.79 0.72
Persona adaptability 0.80 0.76 0.69
Repair behavior 0.82 0.80 0.73
Error recovery style 0.79 0.74 0.67

Macro average 0.85 0.82 0.77

"a_con": <float 1.0-10.0>,
"ctx": <float 1.0-10.0>,
"turn": <float 1.0-10.0>,
"topic": <float 1.0-10.0>,
"use": <float 1.0-10.0>,
"ovrl": <float 1.0-10.0>,
"rationale": "..."

}

The rationale field cites the concrete signal driving the
lowest-scoring dimension.
Aggregation. For each (method, corpus) cell we sam-
ple and score 500 generated conversations, then average
per dimension to obtain that cell’s row in Table 7. The
reference-conversation row uses the same rubric applied
to reference-corpus conversations. Mean absolute devia-
tion (MAD) from the reference-conversation row is then
computed across the 8 dimensions and averaged over the
four corpora.

M Example group profile

The following block shows an example enriched
profile in the format passed to the user agent. It
separates group identity, accompanying behavior
tendencies, and structural guidance.

Example enriched group profile

Behavior roots.
• interaction_mode = QA-style

• user_goal_profile = Explorer

• topic_cohesion = High
Behavior tendencies.
• Users usually ask follow-up questions rather than issu-

ing one-shot commands.

• User turns are usually medium length and remain on
the same topic.

• When the assistant response is incomplete, users tend
to clarify the request instead of abandoning the task.

• Politeness markers such as “please” or “thanks” appear
in a minority but recurring subset of dialogues.

Group metadata enrichment prompt

This prompt produces the three conditioning ingredients consumed
by the user agent at synthesis time — (ii) group_persona, (iii) con-
versation_patterns, and (iv) group_statistics — from one cluster of
reference dialogues.

Role. You are a conversation analyst. Given a set of reference
dialogues assigned to the same behavioural group g, together with
g’s root signature (a small tuple of (dimension, value) pairs shared
by the cluster’s records), produce a compact metadata object that
conditions downstream synthesis.

Input. (a) Root signature for g: e.g. {user_type=Casual,
primary_intent=Chitchat, user_goal=Chatter,
interaction_mode=Multi-turn_Dialog-style}. (b) Up to
n ≤ 30 reference dialogues belonging to g (full text + per-record
12-dim labels + structural fields).

Output (strict JSON, three fields).

• group_persona (2–3 sentences) — typical goals, tone, and
interaction style of users in g. Anchor every claim to evidence
in the provided dialogues. Do not invent demographics.

• conversation_patterns (3–5 bullets) — canonical dis-
course flows, intent transitions, and the top-3 most informa-
tive non-root dimensions with their in-cluster marginal (e.g.
“response_brevity: Long 81%, Medium 11%, Short 8%”).
Patterns are transition-style, not content-specific.

• group_statistics — numeric summary of the structural
fields (mean and standard deviation of turn count, user/full
word count, user/full utterance length). Computed on the
provided dialogues, not estimated.

Guidelines. Prefer concrete observed behaviours over abstract de-
scriptors. For high-homogeneity clusters (top-4 dim agreement
≥ 0.75), the persona should foreground the root dimensions verba-
tim; for lower-homogeneity clusters, mark unstable dimensions with
their marginal (“mostly Casual; sometimes One-shot users”). Never
claim a behaviour that does not appear in ≥ 1/3 of the provided
dialogues.

Structural guidance.
• Expected dialogue length: medium, typically 6–10

turns.

• Expected user utterance length: medium, typically one
or two sentences.

• Expected interaction shape: initial information request
followed by clarification or refinement turns.

Source prefix.

user: I am trying to decide which
train route is better for a weekend
trip.
assistant: Sure. What cities are you



Table 16: Full quality calibration to reference conversations. Scores use an 8-dimension LLM-as-Judge rubric;
MAD is mean absolute deviation from the reference-conversation profile.

Method Flow H-Con A-Con Ctx Turn Topic Use Ovrl MAD↓

Reference 6.66 7.80 6.42 6.14 7.58 6.86 7.28 6.66 0.00

AutoPAL 4.80 7.08 3.84 4.10 6.52 6.04 3.76 4.12 1.89
ConceptPersona 8.24 8.32 8.10 8.34 8.48 8.74 8.16 8.10 1.39
DiaSynth 8.64 8.96 8.52 8.58 8.66 9.12 8.48 8.56 1.77
FaithfulPersona 8.10 8.38 7.92 7.86 8.24 8.30 7.92 7.84 1.15
ICL 6.02 6.72 5.74 5.68 6.36 6.18 5.62 5.78 0.91
Interlocutor 5.58 6.00 5.10 5.16 5.88 5.70 4.78 5.30 1.49
PersonaLens 8.44 8.78 8.58 8.24 8.48 8.66 8.32 8.42 1.57

GroupPersona 7.34 8.60 6.22 7.18 8.20 7.96 7.06 7.02 0.63

travelling between, and do you care
more about price or travel time?

Instruction to user agent. Generate the next user turns
as a member of this group. Preserve the source prefix,
follow the behavior roots as the main identity, use the
tendencies as likely but not mandatory behavior, and keep
the dialogue within the structural guidance.

N Metadata enrichment prompt

The metadata-enrichment step converts each
discovered behavioral group into the three profile
fields shown in Figure 1: behavior roots, behavior
tendencies, and structural statistics. In the
implementation prompt, these fields are serialized
as group_persona, conversation_patterns,
and group_statistics, respectively. The
naming differs only at the prompt-template
level: group_persona is the natural-language
rendering of the group’s behavior roots,
conversation_patterns summarizes be-
havior tendencies, and group_statistics stores
structural statistics.

For the group-discovery ablations in §6.2, struc-
tural guidance is held fixed to isolate the effect
of group identity, while the group-conditioned be-
havioral metadata is recomputed for the alternative
clustering.

Group-conditioned multi-agent synthesis prompt

A two-agent loop synthesises one dialogue per group g:
a user agent conditioned on g’s metadata, and a fixed
assistant agent held identical across methods and abla-
tions.

User-agent system prompt (full configuration; abla-
tions remove one bracketed clause, see below).

You are a user in a population that interacts with a
voice assistant.
Your behaviour comes from the behavioural group
described below; stay in character throughout the
conversation.

[root] Group identifier: {root_dim1}={root_val1},
. . . , {root_dim4}={root_val4}.
[persona] {group_persona_paragraph}
[patterns] Characteristic patterns (top-3 non-root
marginals): {dima=val%, . . . ; dimb=val%, . . . ;
dimc=val%, . . . }.
[stats] Typical turn count µ ± σ, user-utterance
length µ ± σ, word frequencies as in training.
[history] Conversation seed (reference prefix):
{history_text}. Continue as the user, matching the
seed’s style.

Output: only the next user turn; no role token. Stop
when the conversation is naturally finished or the
typical turn count is reached.

Assistant-agent system prompt (identical across all
methods).

You are a generic voice assistant. Be helpful,
concise, and grounded in the conversation. You do
not access any external metadata about the user.

The explicit [root] values are retained in all condition-
ing ablations to keep group selection fixed. For the
group-discovery ablations, a random or k-means clus-
ter identifier replaces the GroupPersona identifier while
structural guidance is held fixed.

Table 17: Per-corpus quality calibration to reference
conversations. Values are MAD from the reference-
conversation quality profile across 8 LLM-as-Judge di-
mensions (↓). Bold and underline mark best and second-
best non-reference values.

Method Dia-B Dia-A Red-B Red-A Avg.

AutoPAL 1.76 1.88 1.93 2.00 1.89
ConceptPersona 1.21 1.41 1.39 1.53 1.39
DiaSynth 1.54 1.78 1.75 1.99 1.77
FaithfulPersona 1.07 1.08 1.16 1.28 1.15
ICL 0.74 0.86 1.02 1.03 0.91
Interlocutor 1.43 1.51 1.49 1.53 1.49
PersonaLens 1.38 1.58 1.56 1.75 1.57

GroupPersona 0.57 0.62 0.63 0.69 0.63
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Figure 4: Per-corpus quality calibration as signed deviation from reference conversations (∆ = Method−Reference)
across 8 LLM-as-Judge dimensions. The dashed zero circle marks the reference-conversation profile (∆ = 0);
positive values indicate over-polishing and negative values indicate under-polishing on that dimension. Unlike
MAD, the signed view exposes the direction of each method’s deviation from the reference profile.

O Synthesis prompt

The user-agent prompt is assembled from a fixed
group index and four synthesis inputs. The group
index identifies which group was selected, while
the profile inputs correspond to the Figure 1 fields
used to condition generation: source prefix, behav-
ior roots, behavior tendencies, and structural
statistics. In the prompt template, these are se-
rialized as [history], [persona], [patterns],
and [stats], respectively. Here, [persona] is the
natural-language behavior-root guidance derived
from the group’s root signature; [patterns] con-
tains non-root behavior tendencies; and [stats]
contains structural statistics.

The conditioning-component ablations in §6.3
remove one synthesis input at a time: NO-HISTORY

removes [history] and corresponds to − source
prefix; NO-PERSONA removes [persona] and cor-
responds to − natural-language root guidance;
NO-PATTERNS removes [patterns] and corre-
sponds to − behavior tendencies; NO-STATS re-
moves [stats] and corresponds to − structural
statistics. The minimal [root] group identifier is
retained in all profile-conditioning ablations so that
group selection remains fixed; it serves only as the
selected group index, not as a descriptive profile
field. For the group-discovery ablations in §6.2, the
selected group is replaced by a random or k-means
group, while structural guidance is held fixed.

The assistant-agent system prompt is held fixed
across all methods and ablations. The full prompt
and ablation-to-block mapping are reproduced be-
low.

P Conversation-quality calibration setup

This appendix documents the LLM-as-Judge rubric,
prompt, and aggregation protocol used for the
quality-calibration audit in §6.4.

Why anchor against reference conversations.
Standard LLM-as-Judge quality rubrics can reward
synthetic dialogues that are overly polished relative
to reference conversations. In our audit, reference
test conversations occupy a mid-range quality band
rather than the top of the 1–10 scale. We therefore
evaluate calibration by measuring how close each
method’s quality-score profile is to the reference-
conversation profile under the same rubric and
judge.

Dimensions. We use 8 conversation-level dimen-
sions: Flow, Human Consistency (H-Con), Assis-
tant Consistency (A-Con), Context utilisation (Ctx),
Turn balance (Turn), Topic coherence (Topic), Use-
fulness (Use), and Overall conversation quality
(Ovrl). Each dimension is rated on a 1–10 de-
scriptive quality scale, where higher indicates more
of the named quality property. Reference exam-
ples calibrate what quality levels are typical for the
corpus; closeness is computed afterward as MAD
between the method and reference score profiles.

Prompt design. The judge receives the candi-
date conversation, a short corpus description, and
three reference conversations from the same corpus
as anchors. The prompt explicitly notes that ref-
erence conversations can include hesitation, topic
shifts, false starts, repair, persistence, and varied
turn lengths. This prevents the judge from treating
smoothness alone as realism. The full prompt is
reproduced in this appendix.



Full per-dimension quality scores. Table 16 re-
ports the full 8-dimension LLM-as-Judge scores
summarized in Table 7. MAD is computed against
the reference-conversation quality profile across
the eight dimensions.

Per-corpus scoring and aggregation. For the
quality-calibration audit, we sample 500 generated
conversations from each method–corpus cell. We
score this sample with the same Claude Sonnet 4
judge and average scores along each quality dimen-
sion. The reference-conversation row uses the same
rubric applied to test conversations from the same
corpus. Table 7 reports the average 8-dimensional
score profile across corpora, while Table 17 reports
the per-corpus MAD summary. Figure 4 comple-
ments these magnitude-only summaries by show-
ing the signed deviation from the reference profile.
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