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Abstract

Persona-based dialogue systems are usually
conditioned on speaker biography, but dia-
logues involve at least two participants, and
who has access to whose biography can vary
across training, inference, and evaluation. Prior
work often neglected these aspects, obscuring
mechanisms that only appear when biography
visibility is toggled separately across training,
inference, and evaluation, a three-stage factori-
sation that prior work has largely treated as a
single factor. We study this factorisation on
a dataset of dialogues paired with speakers’
biographies, varying whether the target and
interlocutor speakers see each other’s biogra-
phies during training and inference, and using
an LLM as a judge to perform author identifi-
cation. We find that (i) training-time visibility,
more than inference-time visibility, determines
whether models express persona traits through
dialogue or fall back on copying biograph-
ical text (a known problem/phenomenon in
persona-based generation); (ii) models trained
with interlocutor-biography visibility copy less
target-biographical text than models trained
without it, while changing visibility only at
inference time has a less consistent effect; and
(iii) under asymmetric disclosure, where only
the interlocutor sees the target biography, tar-
get content leaks into interlocutor turns more
often, and dialogues containing such traces are
easier for the judge to identify, especially when
interlocutor turns are visible. In the setting we
study, these results suggest that biography leak-
age into generated turns is largely an artefact of
how interlocutor visibility is configured across
training and inference, and separating the three
stages is necessary to observe it.

1 Introduction

Persona-based dialogue systems condition lan-
guage models on speaker biographies in order to
make generated utterances more consistent and
recognisable (Zhang et al., 2018; Liu et al., 2020).

Target's bio (Peter). Freelance photographer who sells pictures of
myself as Spider-Man. Shoot webs out of my hands. Lifelong
outcast with a crush on Mary Jane.

Interlocutor bio (Walter). I own Sobchak Security. Vietnam veteran.
Divorced from Cynthia. Spend most days at the bowling alley.

QD) di=r
[Aren‘t they all. People don'tTa

respect anything anymore.

You're telling me. I've got
i bills to pay and people to
disappoint.

Strangers

{ Long day?

[They‘re all long when you're aT&

busy man. Or a busy
Spider-Man.

{ Excuse me?

[Relax. kid. Webs, Mary Jane... | T&

read the papers.

i { Long day? ]
[Always. Beats the cameraT&

grind though, | bet.

Probably. Maybe I'll join your
bowling league.

Figure 1: Three dialogues under the same biographies,
varying what each model sees. (a) Infg gngers: neither
model sees the other’s biography. (b) Infg,,: only the
interlocutor sees the target’s biography. (c) Infp,s: mu-
tual biography disclosure.

A key challenge that has received little attention
so far is ensuring that the model meaningfully
adapts to interlocutor characteristics while preserv-
ing a stable representation of the target persona,
rather than degenerating into superficial copying
behaviour from biographical text. Persona condi-
tioning is not only a question of what the target
speaker knows about itself: the interlocutor can
also be conditioned on a biography, and what each
agent sees about the other can differ across train-
ing, inference, and evaluation. This raises an under-
explored question: at what stage of the pipeline,
and for whom, does interlocutor biography visibil-
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ity shape the resulting dialogue?

Whether a speaker is identifiable from a gener-
ated dialogue depends on what information was
available, and to whom, when the dialogue was
produced. A speaker may be identifiable because
it expresses a stable persona, because it adapts nat-
urally to the interlocutor, or because it copies sur-
face details from a biography. Recent work mea-
sures this adaptation through an author identifica-
tion framework (Occhipinti et al., 2025): an LLM
judge is shown a dialogue and three candidate bi-
ographies and must select the one corresponding to
the target speaker. Masking or revealing interlocu-
tor information to the judge changes identification
accuracy, suggesting that interlocutor information
is reflected in the generated dialogue and impacts
target recognisability. However, Occhipinti et al.
(2025) vary interlocutor visibility only at evalu-
ation time, holding training and inference fixed.
This leaves open whether exposure during training
changes how the model uses interlocutor informa-
tion, whether inference time disclosure has a sep-
arable effect, and whether asymmetric disclosure
between participants creates biography leakage.

We disentangle these stages, factorising who
knows whose biography across train, inference and
evaluation. At each stage, this is set by two binary
decisions: whether the target has access to the inter-
locutor’s biography, and whether the interlocutor
has access to the target’s. We study three combina-
tions: neither speaker knows the other, both know
each other, and the asymmetric case where only the
interlocutor knows the target." These are applied
at training and inference time, while evaluation vis-
ibility (what the judge sees) is varied separately to
diagnose what drives identification. Figure 1 shows
the three configurations, Figure 2 the pipeline.

This setup yields three research questions:

RQ1 Training-time and inference-time vis-
ibility. How much does it matter, for the model’s
outputs, whether the target sees the interlocutor’s
biography during training, and whether the inter-
locutor’s biography is supplied at inference time?

RQ2 Training—inference interaction. When
training-time and inference-time visibility are var-
ied independently, does aligning them (concordant)
produce a different behaviour compared to leaving
them mismatched (discordant)?

'We omit the inverse asymmetric case because our interest

concerns how target information leaks into interlocutor turns,
a directional phenomenon that can affect target recognisability.

RQ3 Target information through interlocu-
tor turns. When only the interlocutor knows the
target’s biography, do target biographical details
surface in the interlocutor’s turns, and do those
traces make the target easier to identify?

Our contributions are threefold. (i) We present
the first systematic study of interlocutor biogra-
phy visibility as a three-stage factor, separating
training, inference, and evaluation, and show that
biographical copying, a known failure mode of
persona-based generation, is primarily an artefact
of training-time methodology rather than a prop-
erty of persona conditioning. (ii) We show that
training-time and inference-time visibility do not
act independently: the effect of supplying the inter-
locutor biography at inference depends on whether
the model was trained to use it. (iii)) We identify
biography leakage under asymmetric disclosure, in
which target biographical traces surface in inter-
locutor turns and make target identification easier,
an effect that grows when the two speakers come
from unrelated narrative worlds.

2 Related Work

Persona-based dialogue and the interlocutor.
Persona-based dialogue systems condition models
on the target speaker’s biography (Li et al., 2016;
Zhang et al., 2018), and a separate line of work
conditions on the interlocutor’s persona alongside
the target’s (Liu et al., 2020; Gu et al., 2021; Xu
etal., 2022; Lu et al., 2022). These works show that
partner-aware generation is helpful but do not mea-
sure how interlocutor information actually shapes
the output. Occhipinti et al. (2025) measure this
through an author identification framework: an
LLM judge attributes generated dialogues to candi-
date target biographies, and show that masking the
interlocutor’s biography from the judge degrades
accuracy, suggesting an impact of this information
on generation. Their study, however, varies inter-
locutor visibility only at evaluation time.

Information leakage in persona-based dialogue.
Large language models can leak information about
their training data (Carlini et al., 2021, 2022)
and about content placed in their context window
(Perez and Ribeiro, 2022). In persona-based di-
alogue, this manifests as a tendency to copy bio-
graphical text into generated turns rather than ex-
pressing persona through dialogue (Zhang et al.,
2018; Dinan et al., 2020). Zero-shot LLMs are
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Figure 2: Pipeline. (i) Fine-tune LLaMA 3.1 8B Instruct on PRODIGy dialogues under two training-time biography
visibility regimes, Trng,qneers (neither speaker sees the other) and Trnp., (both speakers see each other), and
keep the zero-shot backbone M, _; as a third regime. (ii) Generate dialogues for familiar and unfamiliar speaker
pairings (see Section 3.2) under three inference-time visibility conditions: Infg;4,g.rs (no disclosure), Infg,, (only
the interlocutor sees the target), and Infp,.,, (mutual disclosure). (iii) Evaluate dialogues with a fine-tuned judge that
performs author identification, systematically varying the interlocutor information available to the judge.

especially prone to verbatim copying, which fine-
tuning substantially reduces (Occhipinti et al.,
2025). Existing work focuses on the within-speaker
case, where a speaker’s own biography surfaces in
their own turns; the multi-agent case, in which
one speaker’s biography could surface in the other
speaker’s turns, has received less attention.

LLMs as evaluators and persona identifiers.
LLMs have emerged as effective automated judges
for dialogue and correlate well with human as-
sessments (Chen et al., 2024a; Gu et al., 2025).
For authorship attribution and persona identifi-
cation specifically, humans perform poorly (Bao
et al., 2025), while LLMs outperform most hu-
mans on related tasks such as personality predic-
tion (Schoenegger et al., 2025). We therefore use
an LLM judge throughout this work.

3 Experimental Design

Our setup pairs two LLM agents in dialogue, each
conditioned on its own biography, and varies inde-
pendently across training, inference, and evaluation
what each agent (and the judge) sees of the other’s
biography. We adopt the PRODIGy dataset and
setup described in Occhipinti et al. (2025), with the
three-stage visibility factorisation as our extension.

3.1 Dataset and Dialogue Setting

The PRODIGy dataset (Occhipinti et al., 2024) is
a movie-dialogue corpus in which characters are
annotated with multiple profile dimensions (biogra-
phy, communication style, personality, gender). We

focus on biographies, which are short first-person
narratives (see Table 33 in Appendix H for exam-
ples), because they carry the richest semantic con-
tent for persona conditioning.

Data and splits. We use the subset of 5,660
dialogues in which both speakers have bio-
graphical annotations, with the original 80:10:10
train/validation/test split, biographies truncated to
the first five sentences, and the topic labels (e.g.,
Emotions, Fiction) used to condition generation.

Dialogue generation. Dialogues are produced
by two LLM agents, one per speaker: a target
(Speaker 1, biography B;) and an interlocutor
(Speaker 2, biography B;). Each agent receives a
system prompt with its own biography and, depend-
ing on the visibility configuration (Section 3.4), the
other speaker’s biography. Agents alternate for 8
turns (4 each). Training subset size is held fixed
across configurations.

3.2 Familiar vs. Unfamiliar Pairings

The speaker pool extends PRODIGy with newly
generated non-PRODIGYy characters to control for
data contamination from publicly available movie
scripts (see Appendix B).

Following Occhipinti et al. (2025), we call a pair-
ing unfamiliar when the interlocutor "violates" the
target’s established narrative context (e.g., Walter
Sobchak from The Big Lebowski paired with Pe-
ter Parker from Spider-Man), and familiar when
it does not: either both characters come from the
same narrative background (e.g., Peter Parker and
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Mary Jane Watson), or both are non-PRODIGy
characters, which have no established narrative
world to violate. The familiar condition there-
fore mixes shared narrative with shared generation
source, and we interpret it accordingly.’

3.3 Models and Training Objectives

All generators and the LLM judge are based on
LLaMA 3.1 8B Instruct (Dubey et al., 2024). We
train separate LoRA adapters on the frozen back-
bone, one per training-time biography visibility
configuration. The zero-shot baseline (M) uses
the backbone directly. Each fine-tuning example
contains the system instruction, the target biogra-
phy, the interlocutor biography (if visible under the
considered configuration), the preceding turns of
the dialogue history, and the final target-speaker
turn (see Appendix A for details). All fine-tuned
models use a masked-loss objective: the model
attends to the full prompt, but the loss is computed
only on the final target turn, which is the sequence
the model has to predict. We compare this ob-
jective against standard next-token prediction in
Appendix C.

3.4 Interlocutor Biography Visibility

We examine three biography visibility configura-
tions, illustrated in Figure 1:

» Strangers (I-I-): speakers do not know each
other, no one sees the other’s biography.

e Fan (I-I+): asymmetric disclosure; the interlocu-
tor knows the target’s biography, not vice versa.

* Peers (I+I+): mutual disclosure; both speakers
see each other’s biography.

In the I+I+ shorthand, the first slot is the tar-
get’s access to the interlocutor’s biography and the
second is the interlocutor’s access to the target’s; +
denotes access and — its absence.

Training and inference visibility are varied sep-
arately, but not over identical sets. At training
time, we instantiate the two symmetric regimes,
Trngirangers and Trnpe,rs, to compare models trained
without vs. with mutual interlocutor-biography ac-
cess. The two asymmetric training regimes were
also run and are reported in Appendix E. At in-
ference time, we evaluate Infg,qngers and Infpee,s,
and additionally Infr,,, where only the interlocutor

The test set contains 1,875 familiar and 2,500 unfamiliar
pairings per configuration.

knows the target biography. We omit the inverse
asymmetric case (target sees interlocutor but not
vice versa) because our analysis of asymmetric
disclosure (RQ3) concerns how target information
propagates into interlocutor turns, a directional phe-
nomenon that requires the interlocutor to be the
side with biography access. The reverse asymmet-
ric condition is provided in Appendix F.

Each research question uses a different slice of
these configurations. RQ1 compares Trng;angers
with Trnp,.., and separately Infg,qneers With
Infp,.,s, isolating one stage at a time. RQ2 crosses
the two stages, contrasting concordant training—
inference pairs with discordant ones. RQ3 keeps
training without interlocutor-biography access and
compares Infg;4ers With Infr,.

3.5 Evaluation Framework

For evaluation, we adopt an author identifica-
tion framework: an LLM judge receives the tar-
get speaker’s turns and three candidate biographies,
and must identify which biography corresponds
to the target speaker. This framework is based on
the idea that, if a dialogue expresses the intended
speaker, the corresponding biography should be
recoverable from plausible alternatives. Evalua-
tion conditions vary what interlocutor-side informa-
tion is additionally available to the judge regarding
both biography and turns, for a total of four eval-
uation conditions. In Bothp;., both the interlocu-
tor biography and interlocutor turns are visible; in
Biopisc, only the interlocutor biography is visible;
in Turnspisc, only the interlocutor turns are visible;
and in Bothyy,gk, both interlocutor biography and in-
terlocutor turns are masked. Distractor biographies
are selected by SBERT similarity, and evaluation
uses greedy decoding (Song et al., 2025).

We use an LLLM judge since persona-based au-
thorship identification has proven a hard task for hu-
mans, with poor results compared to automatic eval-
uation (Bao et al., 2025; Occhipinti et al., 2025);
evidence also comes from other personality-related
prediction tasks (Schoenegger et al., 2025). The
judge uses the same LLaMA 3.1 8B Instruct back-
bone as the generators, but is separately fine-tuned
for the authorship identification task. We opted
for a fine-tuned judge to specialise the evalua-
tor for the domain of movie dialogues, which ex-
hibit distinctive stylistic and structural features that
our dialogue models consistently emulate. The
judge is fine-tuned on gold PRODIGy instances
following the same partitioning used for the gen-
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erator experiments, but with instances reformat-
ted as the authorship-identification task described
above. Generated dialogues are used only for eval-
uation; the full judge prompt is reported in Ap-
pendix D. Masked loss is applied so that only the
answer token contributes to the objective, and each
training instance is presented three times with in-
dependently permuted answer options to mitigate
positional bias (Pezeshkpour and Hruschka, 2024;
Zheng et al., 2024).

We report judge identification accuracy, along-
side rare-word overlap, i.e. the percentage of
dialogues in which a biography and a turn set share
at least one rare word. Throughout this work, rare-
word overlap is what we count and copying is
the behaviour we infer from it. The two are not
the same: Section 4.4 reports cases where identi-
fication improves with no rare-word overlap at all.
Rarity is defined via wordfreq’s zipf_frequency
(Van Heuven et al., 2014)3, a base-10 log scale
of occurrences per billion words, with threshold
Zipf < 4.0 (fewer than ten occurrences per million
words). We measure overlap in three directions:

* Bior,—Turnty: target biography content in tar-
get turns.

* Bioyy—Turnty: interlocutor biography content
in target turns.

* Biogg—Turny,: target biography content in in-
terlocutor turns.

4 Results

We report the LLM judge’s performance on gold
PRODIGy dialogues (Section 4.1) as a quality ref-
erence, then address the three research questions
in turn: training-time and inference-time visibility
(RQ1, Section 4.2), training—inference interaction
(RQ2, Section 4.3), and target information leak-
age through interlocutor turns under asymmetric
disclosure (RQ3, Section 4.4). Comprehensive per-
configuration results are reported in Appendix F.

4.1 Gold Dialogues

Judge accuracy on human-written dialogues
and interlocutor role. We give the LLM judge
PRODIGy gold dialogues under the four evalua-
tion conditions described above. This allows us
to test whether the judge can recover the target
speaker’s biography from human dialogues, and
how much its decision depends on which aspects it

3https://github.com/rspeer/wordfreq/

sees of the interlocutor. Table 1 reports judge accu-
racy and rare-word overlap on the gold PRODIGy
dialogues. Accuracy is highest with full interlocu-
tor information disclosure (Bothp;s.: 0.914), re-
mains high when only the biography is disclosed
(Biopisc: 0.885), and drops when the biography is
masked (Turnspjsc: 0.667; Bothyask: 0.621). This
provides evidence that the judge can recover tar-
get biographies in this setting: on human-written
dialogues, where the correct answer is known and
no model-generated text is involved, it identifies
the target well above chance (0.333) and does so
with biography—turn overlap as low as gold text
allows. It also shows that interlocutor-side infor-
mation contributes to identification even in human
dialogue. Rare-word overlap is low across all di-
rections, as expected for human text, and serves as
our reference target for generated dialogues.

(a) Judge accuracy by evaluation condition

Bothpjs. 0.914
BiODjsc 0.885
Turnspisc 0.667
Bothmask 0.621

(b) Rare-word overlap (%) by direction

Biotg—TurnT, 5.84
Biop—Turnry, 5.76
Biotg—Turny 2.56

Table 1: Judge accuracy on gold PRODIGy dialogues
and rare-word overlaps.

4.2 RQI1: Training-time and Inference-time
Visibility

Table 2 reports the full training x inference x eval-

uation grid for the Strangers and Peers configu-

rations; the Fan configuration is covered in Sec-

tion 4.4. Full tables are in Appendix F.

Training with interlocutor visibility reduces
copying; inference-time visibility does not.
Zero-shot models reproduce target-biography
words verbatim, while fine-tuning reduces this be-
haviour; within fine-tuned models, the remaining
copying is shaped more by training-time interlocu-
tor exposure than by inference-time disclosure.
We compare zero-shot prompting against fine-
tuning, varying within fine-tuning whether the
model sees the interlocutor’s biography at train-
ing (Trngyangers VS. Trnpers) and at inference
(Infssrangers V8. Infpeers). The largest contrast in bi-
ography recognition is between zero-shot prompt-
ing and fine-tuning. M,_; achieves the highest
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M., TrnStrangers Trnpeers

InfStrangers Ianeers InfStrungers Ianeers InfStrangers Ianeers
Accuracy
Bothpisc 0.936 0.953 0.830 0.854 0.803 0.831
Biopisc 0.963 0.957 0.848 0.834 0.814 0.793
Turnspisc 0.939 0.947 0.789 0.818 0.746 0.782
Bothwask 0.971 0.962 0.760 0.765 0.683 0.672
% Rare-Word Overlap
Bior—Turnryg 41.26 42.29 3.82 4.00 2.95 2.65
Biog—Turnyg 27.84 31.70 1.46 2.06 1.35 1.69
Biors—Turnyy 28.62 29.40 2.17 3.29 2.354 1.90

Table 2: Identification accuracy and % rare-word overlap across all training and inference visibility configurations

and four evaluation conditions.

accuracy (0.936-0.971) but copies heavily from
the target biography (Biot,—Turnty overlap of
41-42%). Without fine-tuning, reproducing bi-
ography text becomes the simplest way for the
model to satisfy the persona constraint. By con-
trast, fine-tuning brings this overlap below 5%, in
line with gold dialogues, while preserving sub-
stantial recognisability (0.672—0.854). Within
the fine-tuned configurations, training-time visi-
bility controls residual copying. Trnpe.s lowers
copying compared t0 Trngangers under both in-
ference settings (3.82%—2.95% under Infg;ungers;
4.00%—2.65% under Infp,.,,), at an accuracy cost
of 24 points (e.g., Bothpisc/Infsungers:  0.830
vs. 0.803; Bothpis./Infp.e,s: 0.854 vs. 0.831;
Turnspise/Infpeers: 0.818 vs. 0.782).  Chang-
ing inference-time visibility with training fixed
shifts accuracy by a similar amount but af-
fects copying inconsistently: it rises slightly un-
der Trngyangers (3.82%—4.00%) and falls under
Trnpeers (2.95%—2.65%). Thus training-time ex-
posure to interlocutor biographies changes how the
model uses this information, whereas the effect
of inference-time disclosure depends on what the
model learned during training.

Training-time visibility matters more for unfa-
miliar pairings. When the two speakers share
no common background, training-time interlocu-
tor visibility has a larger effect. The gap between
Trngsrangers and Trnpee,; widens on unfamiliar pair-
ings for both accuracy and copying.

Under Infg;qngers, the accuracy advantage of
Trngsrangers over Trnpe. is larger on unfamil-
iar pairings (5.7 points, 0.764 vs. 0.707) than
on familiar ones (3.0 points, 0.865 vs. 0.835),
and Bior—Turny, overlap shows the same
pattern (3.32%—4.28% on unfamiliar pairings,

TrnStrangers TrnPeers
Fam. Unfam. Fam. Unfam.
Acc (avg. evals) 0.87 0.76 0.84 0.71
Biote—Turnty 3.20 4.28 2.45 3.32

Table 3: Trngungers VS. Trnpee,s under Infgy,gngers, by
speaker familiarity. Accuracy is averaged over the four
evaluation-disclosure conditions.

2.45%—3.20% on familiar ones). Familiar pair-
ings give the judge a second route to the target
that does not require the model to use interlocutor
information: shared narrative background for same-
source pairs, and a common generation source for
non-PRODIGy pairs. Since unfamiliar pairings of-
fer neither, training-time interlocutor visibility has
a larger effect there on both accuracy and copying.

Reduced copying does not reduce dialogue qual-
ity. Lower overlap with speakers’ biographies
could simply mean blander dialogue. Table 4 there-
fore reports four metrics that use neither the judge
nor the rare-word measure: distinct-1/2 (unique un-
igrams and bigrams), self-BLEU (repetition within
the target’s turns), turn coherence (SBERT similar-
ity between consecutive turns), and persona con-
tradiction (the RoBERTa-large-MNLI probability
(Liu et al., 2019) of the target turns contradicting
the target biography). The lower-copying Trnpeers
regime is more lexically diverse, not less, closing
42% of the distinct-1 gap to gold, and contradicts
the biography no more often; repetition and coher-
ence shift only slightly. Reduced copying changes
what the model reuses, not how much it says.

4.3 RQ2: Training—Inference Interaction

The effect of inference-time visibility depends
on training: matched training and inference
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Metric TrnStrangers TrnPBEl‘S Gold
distinct-1 1 0.801 0.833 0.878
distinct-2 0.986 0.989 0.954
self-BLEU | 3.89 4.16 7.15
turn coherence 1 0.207 0.194 0.238
persona contradiction | 0.279 0.278 0.314

Table 4: Judge-free quality metrics at Infg;, e (1 =
4,375 generated, 625 gold).

yields the lowest copying. When mutual disclo-
sure is present at both stages, the model uses in-
terlocutor information for contextual adaptation
rather than target-biography copying, yielding the
lowest overlap in Table 2. Adding the interlocu-
tor biography at inference raises accuracy under
both training regimes (Trng;angers: 0.830—0.854;
Trnpeers: 0.803—0.831), but copying responds dif-
ferently. Under Trngrangers (discordant) it creeps up
(3.82%—4.00%), as the model gains a recognisabil-
ity cue without dropping the copying shortcut; un-
der Trnpeeys (concordant) it drops (2.95%—2.65%),
as the model adapts to the interlocutor rather than
reproducing the biography. Inference-time disclo-
sure thus moves accuracy while copying behaviour
is largely determined by training, so concordant
Trnpeers/Infpe.rs achieves the lowest copying of any
fine-tuned configuration with competitive accuracy.

Figure 3 illustrates one slice of the interaction:
the Trngyangers VS. Trnpee, contrast under fixed
Infgsrangers, with Marge Sherwood as target and Dr.
Malcolm Crowe as interlocutor. Under Trngsungers
Marge’s turns reproduce target-biography terms
such as Mongibello, Dickie, and Tom. Under
Trnpeers, the dialogue instead shifts toward Crowe’s
psychological/paranormal context, using language
of presences, visitors, and unease rather than copy-
ing Marge’s biographical names.

4.4 RQ3: Information Leakage under
Asymmetric Disclosure

We finally ask whether target information can leak
through the interlocutor’s side of the dialogue. Two
questions follow: does target content surface in
the interlocutor’s turns, and, when it does, does
the judge use it? We compare Infg;,ngers With
Infr,,, in which the interlocutor sees the target
biography but not vice versa. This setting tests
whether target-biographical details surface in the
interlocutor’s generated turns, and whether those
traces make the target easier to identify. We fo-
cus on Trngsungers, Where the model never saw the

Target's bio (Marge). | am an expat writer in Mongibello. / |
have a romantic interest in Dickie. /7 | am the rival for
Dickie's affections of Tom

Interlocutor bio (Crowe). | am a child psychologist. / I'm
helping a 9-years-old who sees dead people./ | am
devoted, quiet, and thoughtful.

Fixed: Inf,

Strangers

: Back in Mongibello things
were simpler.

N
L 3
-

[ Why do they stay then?

Trm,, @ | Dickie isn't old yet, but
rangers Al | neither is Tom. | should
[ 3

have stayed in Mongibello. )
,/'/

Do you think something's
a .
watching over us?

It's sort of comforting [ ]
though, isnt it? Like -
someone’s always there
when you need them.

kind that comes back to

It's like a presence. The
visit now and again.

Figure 3: Marge (target) and Crowe (interlocutor)
under Trngpgers VS. Trpers.  Yellow marks exact
target-biography copying; blue marks language adapted
to Crowe’s psychological context. Under Trng,angers,
Marge’s turns reproduce target-biography names; un-
der Trnp,,,s, they shift toward Crowe’s context without
copying Marge’s biography.

interlocutor’s biography during training, so any in-
crease in Bio—Turny, leakage under Fan can
be attributed to inference-time access alone. The
zero-shot baseline provides a second regime with
no training-time interlocutor knowledge, but one al-
ready dominated by the copying behaviour. Table 5
reports the full grid across both regimes.

M. Trngyangers
InfStrangers Ianan InfStrangers Ianan
Accuracy
Bothp;sc 0.936  0.952 0.830 0.873
Biopisc 0.963  0.965 0.848 0.847
Turnspisc 0.939  0.954 0.789  0.843
Bothpask 0971 0971 0.760  0.779
% Rare-Word Overlap
Biotyg—Turnryg 41.26 42.19 3.82 4.57
Bioj,—Turntyg 27.84 2432 1.46 1.62
Bior—Turnyy 28.62 31.61 2.17 3.09

Table 5: Identification accuracy and % rare-word over-
lap under Strangers (Infs;angers) vs. Fan (Infg,,) for both
M. _; and Trngsngers, across all evaluation conditions.

Target details surface in interlocutor turns.
When the interlocutor is given the target’s biog-
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raphy, traces of it leak into the interlocutor’s turns,
and the judge uses those traces when the turns
are visible. Under Fan, the percentage of dia-
logues in which the interlocutor’s turns contain
at least one rare word from the target biography in-
creases for both M, _; and Trngngers: from 2.17%
to 3.09% under Trng;ungers, and from 28.62% to
31.61% under M, _ . Giving the interlocutor access
to the target biography makes target-biographical
traces more likely to appear in the interlocutor’s
turns. The accuracy rows in Table 5 are consis-
tent with this interpretation. Under Trigyangers, Fan
improves accuracy most clearly when the judge
can see interlocutor turns (Bothpjs.: 0.830—0.873;
Turnspisc: 0.789—0.843), while Biop;s. remains
essentially unchanged (0.848—0.847). The inter-
locutor’s biography by itself does not give the judge
a clearer view of the target; the turns do. For M, _,
accuracy is already close to ceiling, so the addi-
tional effect of Fan is smaller.

Figure 4 illustrates the mechanism on a single
pairing: Sam from Sleepless in Seattle as target
and Holly Martins from The Third Man as inter-
locutor. Sam’s biography includes “I am an archi-
tect in a small firm where I remodel residential
homes.” Under Strangers, Holly’s model has no ac-
cess to Sam’s biography, and biographical terms ap-
pear only in Sam’s own turns. Under Fan, Holly’s
model has access to Sam’s biography and intro-
duces architecture-related terms into its own turns
(remodeling, building, architects), which trace back
to that biographical sentence.

Rare-word leakage makes the target easier to
identify. When rare words from the target’s biog-
raphy surface in the interlocutor’s turns, the judge
identifies the target more reliably. This holds in ev-
ery configuration, confirming that the leakage mea-
sured above is informative for identification: when
it occurs, the judge relies on it to recognise the
target speaker. For each configuration, we split dia-
logues by whether the interlocutor’s turns contain
at least one rare word from the target biography.
Figure 5 reports the accuracy gain between the
two subsets. The gain is positive across all four
configurations, ranging from 5.2 to 19.4 percent-
age points, and is larger under Turnsp;s. than un-
der Bothp;s., where rare words in the interlocu-
tor’s turns carry greater marginal weight for the
judge. The gain is also larger for fine-tuned mod-
els than for zero-shot generation, which is already
near ceiling. The two trained configurations show

Target's bio (Sam). | am an architect in a small firm where. |
remodel residential homes / | am a single parent to my

son, Jonah.

Interlocutor bio (Holly). I am an American writer in
post-WWII Vienna seeking my childhood friend, Harry
Lime.

Fixed: Trn

Strangers

® 2
-{ Is Jonah alright? ]
[I found him on the ﬂoor}:

when | got home. Maybe
install support bars.

it myself.

| remodel homes for a
Infg; angers [ 3 living. | should have done

o What do you think we're
doing here?

[ §
at a time. Not enough -a
trained architects doing
things by hand anymore.

[Oh, remodeling one house

Infe., ® [ Hard to find people who

care about the craft.

Figure 4: Sam (target) and Holly (interlocutor) un-
der Strangers vs. Fan disclosure at inference time,
with training fixed at Trng,agers. Yellow marks rare
words copied verbatim from Sam’s biography. Under
Strangers, these appear only in Sam’s turns; under Fan,
target-biography terms surface in Holly’s turns as well.

comparable per-dialogue gains: what distinguishes
Fan is not the usefulness of overlap, but its higher
frequency. The no-overlap subset suggests that
leakage also occurs through signals beyond exact
rare-word overlap. Under Turnspisc, Trogangers
accuracy on dialogues with no overlap is higher
under Fan than under Strangers (0.839 vs. 0.785),
suggesting asymmetric disclosure also affects inter-
locutor turns through paraphrase, topic steering, or
more implicit semantic uptake. Full subset accura-
cies are reported in Appendix G (Table 32).

This effect is confined to models trained without
interlocutor biographies: having also trained the
two asymmetric regimes, we find the Fan increase
in leakage is significant only under Trng;angers
(4+0.91 pp, p = 0.007) and undetectable under
the other three (all p > 0.3). Mutual disclosure
at training lowers leakage: at Infg,,, Trnp,,s leaks
0.91 pp less than Trngangers (p = 0.006). More
details are provided in Appendix E.

The main effects are statistically significant.
With model, training regime, and evaluation condi-
tion fixed, each of the 4,375 test dialogues gives a
matched Strangers/Fan pair, so we test correctness
with two-sided exact McNemar tests and report
95% confidence intervals from 10,000 bootstrap re-
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Figure 5: Judge accuracy gain (percentage points) on
dialogues with target biography rare-word overlap in
interlocutor turns, within each configuration.

Comparison Effect 95% CI P
Fan effect on accuracy
Bothpjs +4.30pp [3.04,5.53] 1.9x 107!
Turnspisc +5.44pp [4.02,6.86] 1.8x 10713
Biopisc —0.16 pp [—1.35, 1.03] 0.820
Fan effect on leakage
Biore—Turn  +0.91pp  [0.27, 1.58] 0.007
Table 6: Paired tests for the Trgyungers,

Infg;rangers —Infp,, comparison (n = 4,375).

samples Table 6). Fan significantly raises accuracy
whenever the judge sees the interlocutor’s turns, but
not under Biop;s., where those turns are withheld.
Rare-word overlap rises by a small but significant
margin.

Leakage is amplified for unfamiliar pairings.
When the two speakers do not share a background
context, asymmetric disclosure pushes more target
information into the interlocutor’s turns and yields
a larger accuracy gain. Familiarity dampens both
the leakage increase and the accuracy gain. Table 7
breaks down rare-word leakage and average judge
accuracy under Trng;uugers by speaker familiarity,
with accuracy averaged over the four evaluation-
disclosure conditions. Moving from Strangers to
Fan raises Biot,—Turny, leakage by 0.6 points
on familiar pairings (2.56%—3.20%) and by 1.1
points on unfamiliar ones (1.88%—3.00%). Aver-
age accuracy also rises more for unfamiliar pairings
(0.76—0.81) than for familiar ones (0.87—0.88).
This suggests that, when speakers lack shared nar-
rative context, the interlocutor model relies more
on the target-specific information made available at
inference time, and those traces become a stronger
identification cue.

Familiar Unfamiliar

InfStrangers Ianan Inmemgers Ianan

0.865 0.877 0.763  0.805
2560 3.200 1.880  3.000

Acc. (avg. eval.)
Biore—Turny,

Table 7: Bior,;—Turny, rare-word leakage and judge
accuracy under Trng;ungers, Split by speaker familiarity.
Accuracy averaged over the four evaluation conditions.

5 Conclusion

We presented a systematic study of how varying
who knows whose biography across training, in-
ference, and evaluation affects persona-based di-
alogue generation. Our main findings are three-
fold. First, training-time interlocutor visibility de-
termines how models leverage that information at
inference time. Models trained with mutual dis-
closure (Trnp.,s) learn role separation and use in-
terlocutor information for contextual adaptation;
models trained without it (Trngngers) resort to
compensatory copying when that information is
introduced at inference time. When the goal is
persona expression rather than biography repro-
duction, this favours training with interlocutor-
biography visibility and masked loss, which re-
duces copying while preserving recognisability (Ta-
ble 2; Appendix C). Second, training-time visibility
is the stronger driver of copying behaviour. Train-
ing with interlocutor biographies reduces target-
biography copying more reliably than adding or
removing interlocutor biographies only at infer-
ence time. Deployment-time changes alone are
therefore insufficient: withholding biographies at
inference does not reliably undo copying learned
during fine-tuning. Third, Fan disclosure reveals an
indirect identification channel: target biographical
content propagates into interlocutor turns, creat-
ing exploitable signals for speaker recognition, an
effect amplified for unfamiliar speaker pairings.
This is also a privacy risk: giving one agent ac-
cess to another’s profile can cause that profile to
surface indirectly in observable dialogue, which
argues for limiting cross-party biography access
in multi-agent systems. Taken together, these re-
sults indicate that, within the setting of this work,
reliance on explicit biographical reproduction is
largely an artefact of training and visibility config-
uration rather than an inevitable consequence of
persona conditioning.
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Limitations

We use PRODIGy because our visibility factorisa-
tion requires structured biographies for both speak-
ers; without this, the Strangers/Fan/Peers condi-
tions cannot be instantiated. It features movie di-
alogues and fictional characters, which may intro-
duce stereotyped roles and inherent biases, and we
agree that using a single dataset of movie-dialogues
limits generality. The mechanism we study, how
biography visibility across training, inference, and
evaluation affects identifiability, is not inherently
tied to movie dialogue, but its strength may vary
across domains, profile formats, and conversational
settings. We leave cross-domain validation to fu-
ture work.

We use a single backbone, LLaMA 3.1 8B In-
struct, because our experimental design isolates
the effects of biography-visibility settings while
holding architecture and scale constant. The pat-
terns are not tied to one training variant, since they
appear across zero-shot and fine-tuned generators
and in the masked-loss ablation. However, we do
not claim that the exact effect sizes will transfer
unchanged to other model families or scales.

Rare-word overlap captures exact lexical trans-
fer, not paraphrase or other semantic uptake, and
is therefore a lower bound on leakage. Our evalua-
tion uses an LLM as a judge, validated on held-out
human-written dialogues against deliberately hard
distractors and complemented by judge-free qual-
ity metrics (Table 4), but it remains an automatic
proxy for human judgement.

Ethics Statement

Role-play agents carry several risks, including tox-
icity, bias, hallucinations, and privacy violations
(Chen et al., 2024b). Early studies have revealed a
tendency of these models to generate harmful con-
tent (Wen et al., 2023), which not only degrades
the user experience but also presents significant
safety concerns. Furthermore, they often exhibit
role-based biases, stemming from both inherent bi-
ases in their pre-training data and user prompts that
may inadvertently direct them toward biased out-
puts (Perez and Ribeiro, 2022; Branch et al., 2022).
Additionally, these systems might exhibit charac-
ter hallucination (Ahn et al., 2024), producing re-
sponses that do not align with their assigned roles.
Lastly, role-play systems may pose privacy risks by
inadvertently disclosing users’ private information
(Krishnamurthy, 2011; Corrigan et al., 2014). Our

work on interlocutor disclosure surfaces an addi-
tional privacy-adjacent concern: under asymmetric
disclosure, target biographical content can prop-
agate into interlocutor turns, creating an indirect
channel through which persona information may
leak in conversational settings.
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A Implementation Details

Table 8 lists the settings used for all fine-tuned
generators, for dialogue generation, and for the
judge. All configurations share these values; only
biography visibility differs between them.

Setting Value

Fine-tuning

LoRA rank 16, alpha 32, dropout 0
Optimizer AdamW, Ir 2e-5, weight decay 0.01
Schedule cosine, warmup 0.03

Batch size 4 x grad-accum 8, 3 GPUs
Training up to 10 epochs (early stopping)
Seed 0

Dialogue generation

Decoding sampling, temp. 0.8, top-p 0.9

Rep. penalty 1.2

Length 128 tokens/turn, 8 turns
Judge

Decoding greedy

Table 8: Training, generation, and evaluation settings,
held fixed across all visibility configurations.

B Non-PRODIGy Character Generation

To control for data contamination from publicly
available movie scripts, we supplement PRODIGy
with newly generated non-PRODIGYy characters.

Biographies are produced with GPT-40-mini (Ope-
nAl, 2024) from entries in the Persona Hub dataset
(Ge et al., 2024), a large-scale collection of role-
based persona descriptions. Each Persona Hub
entry is paired with a randomly assigned gender
and Myers-Briggs Type Indicator (MBTI) person-
ality type, then passed to GPT-4o0-mini with the
prompt in Table 9. The prompt instructs the model
to produce a ten-sentence first-person biography
following the PRODIGy format, covering occupa-
tion, relationship status, lifestyle, and family back-
ground. Unlike the original PRODIGy biographies,
which portray fictional movie characters, the result-
ing biographies represent ordinary individuals in
everyday contexts.

Considering the following persona sentence:
[persona sentence]

the following gender:
[gender]

and the following mbti:
[mbti]

please create a profile of a person, using
the following structure:

{{"gender": "gender",

"mbti”: "mbti",

"biography": L[

"sentence 1",

"sentence 2",

n n

"sentence 10"
133

Please ensure the biography contains up to
10 sentences in the first person singular.
Include details about the individual’s job,
relationship status, lifestyle, and family
background. Be sure to capture a varied
portrayal of the individual’s life and
character.

Please ensure to provide the dictionary
only, without anything else.

Table 9: Prompt used to generate non-PRODIGy bi-
ographies with GPT-4o0-mini. Placeholders [persona
sentence], [gender], and [mbti] are filled per Persona
Hub entry.

C Loss Masking: Objective and Ablation

This section motivates the masked-loss objective
(MaskLoss, ML) used in all fine-tuned models in
the main paper. We compare it with standard next-
token prediction (NoMaskLoss, Trn-y.) and for-
malise the final-turn objective.
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C.1 Training Objectives

We compare two fine-tuning objectives. No-
MaskLoss applies standard next-token prediction
over all tokens in the training sequence X:

| X1
Lowe=—)Y logps(aj |z;), (1)

j=1

MaskLoss instead restricts the loss to the final tar-
get turn Yr:

LuL=— Y logps(z;|acy), ()
jEidx(YT)

In MaskLoss, all tokens outside the final target
turn are masked from the loss. Biographies and
dialogue history therefore remain available as con-
text, but they are not themselves prediction targets.
We compare the two objectives under the Peers
configuration at both training and inference time,
alongside the zero-shot baseline (M.._y).

C.2  Overall Comparison

Table 10 compares zero-shot generation, No-
MaskLoss, and MaskLoss under the Peers configu-
ration. In this ablation, overlap values are percent-
ages of dialogues with at least one shared rare word.
The zero-shot model achieves the highest identi-
fication accuracy, but it also shows much higher
rare-word overlap with the biographies, indicat-
ing that its recognisability is strongly supported
by surface reproduction. Among fine-tuned mod-
els, NoMaskLoss is slightly more accurate when
the judge has access to the interlocutor biography,
whereas MaskLoss achieves the same Turnsp;. ac-
curacy while reducing several forms of rare-word
overlap. We therefore use MaskLoss in the main ex-
periments: it preserves turn-based recognisability
in this setting while reducing biographical copying.

C.3 Breakdown by Speaker Familiarity

The speaker-familiarity breakdown shows where
this trade-off is clearest. For unfamiliar speak-
ers, NoMaskLoss attains higher accuracy (0.741 vs.
0.711), but this gain coincides with higher target-
biography copying in the target turns (3.200% vs.
2.520%). MaskLoss therefore trades some accu-
racy for lower surface-form reproduction, espe-
cially when memorised or source-specific cues are
least available.

Mz-s Tl‘nﬁML ML
Accuracy
Bothp;se 0.953 0.840 0.831
Biopisc 0.957 0.819 0.793
Turns pise 0.947 0.782 0.782
Bothpsask 0.962 0.712 0.672
% Rare Words

Biorrg—Turng,y, 42.286 2.949  2.651
Biorn¢—Turny,y  31.703 1.349 1.691
Biorrg—Turnr,:  29.394 2.629 1.897

Table 10: Loss-objective ablation under Peers training
and inference.

Mz-s Trll—‘ML ML
Familiar (Acc.) 0.990 0.852 0.848
Unfamiliar (Acc.) 0.928 0.741 0.711
% Rare Words — Familiar
Biorrg—Turng,,  42.080 2,773  2.827
Biorn¢—Turny,,  38.347 2.613  2.400
Biorrg—Turnr,:  28.587 3.307 2.453
9% Rare Words — Unfamiliar
Biop,g—Turny,y,  42.440 3.200 2.520
Biosn:—Turnyry  26.720 0.400 1.160
Bio7,g—Turnyn,; 30.000 2.120 1.480

Table 11: Loss-objective ablation by speaker familiarity
under Peers training and inference.

D Judge LLM Prompts

In all evaluation conditions, the judge selects the
target speaker’s biography from three candidates.
The four variants differ only in whether the inter-
locutor biography is supplied and whether the in-
terlocutor turns remain visible. Table 12 gives the
visibility grid, and Table 13 gives the shared prompt
template.

Eval. condition Interlocutor bio Interlocutor turns

Bothp;sc visible visible
Biopise visible masked
Turnspisc masked visible
Bothmask masked masked

Table 12: Information visible to the judge in each evalu-
ation condition.

E Asymmetric Training Regimes

The main text reports the two symmetric training
regimes, Trng;ungers and Trnper, because RQ1 con-
trasts training without and with mutual interlocutor-
biography access. We also trained the two asym-
metric regimes: Trng,,, in which only the inter-
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[If interlocutor biography is visible:]
You know that interlocutor’s biography is as
follows:

[interlocutor’s biography]

Given [the interlocutor’s biography and]
the following dialogue about the topic
[topic] [in which the interlocutor’s turns
are masked], your task is to guess which of
the provided biographies corresponds to the
target speaker.

The biographies are provided at the end of
the dialogue.

Please provide your answer as “Biography A”,
“Biography B”, or “Biography C”.

Please make your guess even though the
dialogue may sound a little weird or
unnatural.

Your response must follow this JSON format:
{“Guess”: “Biography X”}

DIALOGUE

[Dialogue, with interlocutor turns masked
when required]

BIOGRAPHIES
Biography A: [Biography A sentences]
Biography B: [Biography B sentences]
Biography C: [Biography C sentences]

Table 13: Base LLM-as-a-Judge prompt. Visibility-
dependent clauses in square brackets are inserted or
omitted according to Table 12; placeholders such as
[topic] and [Dialogue] are filled for each instance.

locutor sees the target biography during training,
and its converse Trny4 ;. Table 15 reports the full
grid and Table 14 the corresponding paired tests,
computed exactly as in Section 4.4.

These regimes separate training-time from
inference-time asymmetry, which the main text
cannot do. Two results follow. First, training un-
der Fan rather than Strangers does not itself in-
crease leakage into the interlocutor’s turns (—0.09
pp, p = 0.85) or identification accuracy (40.75
pp, p = 0.21): the disclosure has to occur at infer-
ence to matter. Second, the inference-time effect
is significant only for a model trained without in-
terlocutor biographies. Under Trngsangers, moving
inference from Strangers to Fan raises leakage by
0.91 pp (p = 0.007); under Trng,,, Trnpee,s, and
Trny, 7 the same change is not significant (all
p > 0.3). Any training configuration that sup-
plies interlocutor biographies appears to remove
the channel that inference-time disclosure would
otherwise open.

A pp 95% CI P

TrnSrrangers _>TrnFan; at Ianun

leakage —0.09 [-0.78,0.59] 0.845

accuracy +0.75 [-0.39,1.92] 0.214
Leakage, Infsiangers —Infran

under Trngyangers +0.91 [0.27, 1.58] 0.007

under Trngg, +0.37 [-0.32,1.07] 0.327

under Trnpeers —0.18 [—0.78,0.41] 0.608

under Trny4+7—  4+0.16  [—0.46,0.78] 0.663
Leakage at Infran, vS. Trisyangers

Trnran —0.09 [—-0.78,0.59] 0.845

Trny4r— —0.62 [—1.28,0.02] 0.075

Trnpeers —0.91 [—1.55,-0.30] 0.006

Table 14: Paired exact McNemar tests with bootstrap
95% ClIs (n = 4,375). Leakage is Bior—Turny,;
accuracy is Bothpjgc.

F Comprehensive Performance Tables

This section reports the full numerical grid,
grouped by training objective. The overlap
columns report METEOR biography—turn overlap
scores, where higher values indicate greater lexical
similarity. The Ace columns report judge accuracy.
The binary rare-word percentages used in the main-
text leakage analyses are reported in the main text
and in Appendix G.

In addition to the three main inference settings,
the appendix tables include Inf;;_, the reverse
asymmetric condition in which the target sees the
interlocutor biography but the interlocutor does
not see the target biography. Speaker-familiarity
rows use the definitions from Section 3.1. Topic-
familiarity rows distinguish topics naturally asso-
ciated with the target speaker (familiar, e.g. Harry
from When Harry Met Sally discussing love) from
topics outside the target’s typical context (unfa-
miliar, e.g. Harry discussing war). For each sys-
tem family, the first table gives the full evaluation-
condition grid, the second isolates speaker famil-
iarity, and the third isolates topic familiarity. In
the familiarity tables, accuracy is averaged over the
four evaluation disclosure conditions, so the figures
are comparable with Table 7 in the main text; the
METEOR columns are unaffected by the judge’s
view and are reported as measured.

F.1 Gold Dialogue Baseline

Table 16 establishes the reference point for gener-
ated dialogues. Gold dialogues combine high judge
accuracy with uniformly low biography—turn over-
lap, showing that human-written persona signal is
recognisable without heavy lexical reuse from the
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Accuracy % Rare-word overlap
Training Inference Bothpi,c Biopie Turnspie Bothmagk  Biomg—Turny,  Biopm—Turnr,  Biome—Turnp
Trngan Infsirangers 0.833  0.848 0.790 0.759 4.34 1.78 2.63
Infran 0.881 0.863 0.839 0.783 3.86 1.60 2.99
Infpeers 0.850  0.833 0.822 0.748 4.09 2.06 2.86
Trnr4r—  Infsrangers 0.808  0.811 0.730 0.690 3.13 1.19 2.31
Infran 0.860  0.826 0.804 0.713 3.18 1.10 2.47
Infpeers 0.832  0.805 0.765 0.690 222 1.55 2.24

Table 15: Asymmetric training regimes (n = 4,375 per cell).Trng,, trains only the interlocutor with the target

biography;Trn; ;_ is its converse.

Eval Bior,y—Turnr,.y, Bior,;—Turny,y, Bior,y—Turnr,; Acc
Bothpisc 0.033 0.033 0.032 0.914
Biopisc 0.033 0.033 0.032 0.885
Turns pise 0.033 0.033 0.032 0.667
Bothpsask 0.033 0.033 0.032 0.621
Table 16: Gold-dialogue overlap metrics reference.

Inf. Eval Bior,,—Turnt,y Bior,—Turny,.y Bior,g—Turng,; Acc

InfSlrangers BOthDisc 0.038 0.042 0.046 0.830

Biopise 0.038 0.042 0.046  0.848

Turnspisc 0.038 0.042 0.046  0.789

Bothpsask 0.038 0.042 0.046  0.760

Infra, Bothpisc 0.038 0.042 0.040 0.873

Biopisec 0.038 0.042 0.040 0.847

Turns pisec 0.038 0.042 0.040 0.843

Bothasask 0.038 0.042 0.040 0.779

Infry ;- Bothpise 0.039 0.036 0.046  0.824

Biopise 0.039 0.036 0.046  0.827

Turns pisec 0.039 0.036 0.046  0.766

Bothpsask 0.039 0.036 0.046 0.737

Infpeers Bothpisc 0.038 0.036 0.040 0.854

Biopise 0.038 0.036 0.040 0.834

Turns pise 0.038 0.036 0.040 0.818

Bothpsask 0.038 0.036 0.040 0.765

Table 17: MaskLoss trained without interlocutor-biography visibility (Trnsyangers)-

biographies. Accuracy is highest when the judge
receives both interlocutor biography and turns, and
it drops when interlocutor-side information is re-
moved. This confirms that the judge is sensitive to
interlocutor context even in human dialogue, while
the low METEOR values indicate that this sensitiv-
ity is not simply driven by verbatim copying.

F.2 MaskLoss: Trnggangers

Tables 17-19 show the behaviour of a Maskl.oss
model trained without interlocutor-biography visi-
bility. Overall accuracy is strongest when inference
supplies additional interlocutor-side information,
especially under Fan (Infg,,) and Peers (Infpyes),
while the METEOR overlap columns remain close
to the gold-dialogue range and vary little across

evaluation conditions. The speaker-familiarity ta-
ble shows that most of the remaining difficulty
comes from unfamiliar speaker pairings: famil-
iar pairs stay in a narrow band (0.864-0.879) re-
gardless of the inference configuration, whereas
unfamiliar pairs range from 0.731 to 0.804 and so
depend far more on what the interlocutor is given.
Topic familiarity produces a smaller but consistent
effect, with familiar topics generally easier than
unfamiliar ones.

F.3 MaskLoss: Trnp,,

Tables 20-22 report the corresponding MaskLoss
model trained with mutual biography disclosure.
Compared with Trnggangers, this model has lower
METEOR overlap in all three directions, especially
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InfStrangers

Ianan

IllfijI,

Ianeers

Accuracy (mean over eval. conditions)

Familiar 0.865 0.877 0.864 0.879
Unfamiliar 0.763  0.804 0.731 0.772
METEOR — Familiar
Bior,g—Turnr,g 0.038 0.037 0.038 0.038
Biorn:—Turng,g 0.044 0.044 0.037 0.037
Bior,g—Turnz,¢ 0.047 0.041 0.047 0.041
METEOR — Unfamiliar
Bior,g—Turnr,g 0.038 0.038 0.039 0.038
Biornt—Turnr,g 0.042  0.042 0.036 0.036
Bior,g—Turnyn: 0.045 0.039 0.046 0.039

Table 18: Speaker familiarity for MaskLoss / Trngangers-

InfStrangers

Ianan

Il’lf]JrI,

Ianeers

Familiar
Unfamiliar

Accuracy (mean over eval. conditions)

0.829
0.790

0.857
0.820

0.804
0.778

0.844
0.798

Table 19: Topic familiarity for MaskLoss / Trigsrangers-

Inf. Eval Bior,y—Turnr,y Bio;n,.—Turnr,y Bior,g—Turns,. Acc
Infsirangers  Bothpise 0.028 0.032 0.035 0.803
Biopise 0.028 0.032 0.035 0.814
Turns pise 0.028 0.032 0.035 0.746
Bothpsask 0.028 0.032 0.035  0.683
Infran Bothpisc 0.028 0.032 0.028 0.849
Biopisc 0.028 0.032 0.028 0.823
Turns pise 0.028 0.032 0.028 0.795
Bothasask 0.028 0.032 0.028 0.707
Inf;1 ;- Bothpise 0.028 0.026 0.034  0.787
Biopise 0.028 0.026 0.034  0.789
Turns pisc 0.028 0.026 0.034 0.703
Botharask 0.028 0.026 0.034 0.673
Infpeers Bothpisc 0.028 0.026 0.028 0.831
Biopise 0.028 0.026 0.028 0.793
Turnspisc 0.028 0.026 0.028 0.782
Botharask 0.028 0.026 0.028 0.672

Table 20: MaskLoss trained with mutual biography disclosure (Trnpes).

InfStrangers Ianan

Inf1+1_

Ianeers

Accuracy (mean over eval. conditions)

Familiar 0.834 0.845 0.830 0.847
Unfamiliar 0.707  0.755 0.669 0.711
METEOR — Familiar
Biorrg—Turnryg 0.028 0.028 0.028 0.028
Biornt—Turngrg 0.034 0.034 0.028 0.027
Bior,g—Turnrn: 0.036  0.029 0.035 0.028
METEOR — Unfamiliar
Bior,g—Turnr,qg 0.028 0.028 0.028 0.028
Biornt—Turnyyg 0.031 0.031 0.026 0.025
Bior,g—Turnsp, 0.034 0.028 0.034 0.028

Table 21: Speaker familiarity for MaskLoss / Trnpes.
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InfStrangers Ianan Inf] +I— Ianeers

Accuracy (mean over eval. conditions)

0.783  0.819 0.758 0.794
0.745  0.775 0.723 0.752

Familiar
Unfamiliar

Table 22: Topic familiarity for MaskLoss / Trnp,eys.

Inf. Eval Bior,,—Turnr,y Bior,;—Turny,.y, Bior,.g—Turng,; Acc
Infsirangers  Bothpise 0.037 0.042 0.045 0.832
Biopisc 0.037 0.042 0.045 0.844
Turnspise 0.037 0.042 0.045 0.786
Bothpsask 0.037 0.042 0.045 0.753
Infr, Bothp;se 0.037 0.041 0.038 0.873
Biopisc 0.037 0.041 0.038 0.846
Turnspise 0.037 0.041 0.038 0.834
Bothpsask 0.037 0.041 0.038 0.769
Infryr— Bothp;se 0.038 0.035 0.045 0.808
Biopisc 0.038 0.035 0.045 0.824
Turnspise 0.038 0.035 0.045 0.774
Bothpsask 0.038 0.035 0.045 0.748
Infpeers Bothp;sc 0.037 0.034 0.038 0.855
Biopisc 0.037 0.034 0.038 0.842
Turnspisc 0.037 0.034 0.038 0.825
Bothpask 0.037 0.034 0.038 0.755

Table 23: NoMaskLoss trained without interlocutor-biography visibility (Trng;angers)-

for target-biography overlap in target turns, which
is the desired copying reduction. The cost is a small
drop in accuracy, most visible when the model is
evaluated without the interlocutor context it saw
during training. The familiarity breakdowns pre-
serve the same broad pattern as Trngangers: famil-
iar speakers are easier than unfamiliar speakers,
and topic familiarity is a weaker source of variation
than speaker familiarity.

F.4 NoMaskLoss: Trngyangers

Tables 23-25 show that removing the final-turn
mask has only a modest effect when the model is
trained in the Strangers regime. Accuracy is very
close to the MaskLoss Trng; angers cOunterpart, and
the same inference configurations remain strongest.
The overlap values are also similar, suggesting that
in this training regime the dominant factor is not the
loss objective alone but the absence of interlocutor-
biography visibility during training. Speaker fa-
miliarity again explains more variance than topic
familiarity, with unfamiliar pairings accounting for
most of the accuracy loss.

F.5 NoMaskLoss: Trnpg,

Tables 26-28 give the NoMaskLoss model trained
with mutual disclosure. Relative to MaskLoss

Trnpeers, NoMaskLoss recovers some accuracy in
several evaluation conditions, including the fully
masked evaluation, but it does so with slightly
higher biography—turn overlap. This is the trade-
off motivating the main-paper choice of MaskLoss:
standard next-token prediction can make the target
easier to identify, but part of that gain comes from
making biography text itself more predictable. The
speaker and topic breakdowns show the same struc-
ture as before, with the largest gains under Fan and
Peers inference and the largest residual difficulty
on unfamiliar speakers.

F.6 Zero-Shot Baseline

Tables 29-31 show why the zero-shot baseline
should be interpreted differently from the fine-
tuned models. Its accuracy is near ceiling across
evaluation conditions, but its METEOR overlap
values are much higher than those of the gold dia-
logues and the fine-tuned systems. This means that
high recognisability is accompanied by strong sur-
face similarity to the biographies. Speaker familiar-
ity still matters, especially for unfamiliar pairings,
but the topic-familiarity split is almost flat: once
the zero-shot model copies enough biographical
material, the topic itself contributes little additional
diagnostic structure.
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InfStrangers

IllfijI,

Ianeers

Accuracy (mean over eval. conditions)

Familiar 0.864 0.864 0.875
Unfamiliar 0.759 0.732 0.777
METEOR — Familiar
Bior,g—Turnr,g 0.038 0.037 0.036
Biorn:—Turng,g 0.044 0.036 0.036
Bior,g—Turnz,¢ 0.046 0.046 0.038
METEOR — Unfamiliar
Bior,g—Turnr,g 0.037 0.038 0.037
Biornt—Turnr,g 0.040 0.035 0.034
Bior,g—Turny,¢ 0.045 0.045 0.038

Table 24: Speaker familiarity for NoMaskLoss / Trigangers-

InfStrangers

Ianan Il’lf]Jr],

Ianeers

Accuracy (mean over eval. conditions)

Familiar
Unfamiliar

0.820
0.792

0.804
0.777

0.842
0.802

Table 25: Topic familiarity for NoMaskLoss / Trngangers-

Inf. Eval Bior,y—Turnr,y Bio;n,.—Turnr,y Bior,g—Turns,. Acc
Infsirangers  Bothpise 0.032 0.036 0.038 0.824
Biopise 0.032 0.036 0.038 0.825
Turns pise 0.032 0.036 0.038  0.757
Bothpsask 0.032 0.036 0.038 0.707
Infran Bothpisc 0.032 0.036 0.031 0.862
Biopisc 0.032 0.036 0.031 0.830
Turns pise 0.032 0.036 0.031 0.804
Bothasask 0.032 0.036 0.031 0.734
Inf;1 ;- Bothpise 0.032 0.030 0.037  0.809
Biopise 0.032 0.030 0.037  0.806
Turns pisc 0.032 0.030 0.037 0.736
Botharask 0.032 0.030 0.037 0.710
Infpeers Bothpisc 0.031 0.029 0.030 0.840
Biopise 0.031 0.029 0.030 0.819
Turnspisc 0.031 0.029 0.030 0.782
Botharask 0.031 0.029 0.030 0.712

Table 26: NoMaskLoss trained with mutual biography disclosure (Trnpeeys).

InfStrangers

Inf1+1_

Ianeers

Accuracy (mean over eval. conditions)

Familiar 0.839 0.845 0.852
Unfamiliar 0.732 0.705 0.740
METEOR — Familiar
Biorrg—Turnryg 0.032 0.031 0.031
Biornt—Turngrg 0.038 0.031 0.031
Bior,g—Turnrn: 0.039 0.038 0.031
METEOR — Unfamiliar
Bior,g—Turnr,qg 0.032 0.032 0.031
Biornt—Turnyyg 0.035 0.029 0.029
Bior,g—Turnsp, 0.037 0.037 0.030

Table 27: Speaker familiarity for NoMaskLoss / Trnp,eys.
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InfStrangers

Ianan

Inf[+1,

Ianeers

Familiar
Unfamiliar

Accuracy (mean over eval. conditions)

0.806
0.758

0.839
0.784

0.789
0.748

0.815
0.768

Table 28: Topic familiarity for NoMaskLoss / Trnpeeys.

Inf. Eval Bior,,—Turnr,y, Bior,;—Turny,.y, Bior,;—Turng,; Acc
Infsyangers Bothpise 0.092 0.090 0.102 0.936
Biopise 0.092 0.090 0.102  0.963
Turnspisc 0.092 0.090 0.102  0.939
Bothasask 0.092 0.090 0.102 0971
Infra, Bothpisc 0.093 0.091 0.095 0.952
Biopise 0.093 0.091 0.095 0.965
Turnspisc 0.093 0.091 0.095 0.954
Bothasask 0.093 0.091 0.095 0.971
Infrir— Bothpisc 0.089 0.083 0.100  0.930
Biopise 0.089 0.083 0.100 0.954
Turnspisc 0.089 0.083 0.100  0.927
Bothasask 0.089 0.083 0.100  0.955
Infpeers Bothpisc 0.089 0.083 0.093 0.953
Biopisc 0.089 0.083 0.093  0.957
Turnspisc 0.089 0.083 0.093  0.947
Bothasask 0.089 0.083 0.093  0.962
Table 29: Zero-shot baseline (M ;).
InfStmngers Ianan Ian +I— Ianeers
Accuracy (mean over eval. conditions)
Familiar 0.993  0.996 0.996 0.996
Unfamiliar 0.894  0.919 0.880 0.921
METEOR — Familiar
Bior,g—Turnr,g 0.092  0.092 0.085 0.084
Biorn¢—Turnyy,g 0.093  0.094 0.083 0.083
Bior,g—Turnyn: 0.100  0.091 0.096 0.088
METEOR — Unfamiliar
Bior,g—Turnr,g 0.093  0.093 0.091 0.092
Biorni—Turngyg 0.089  0.089 0.083 0.083
Bior,g—Turnyn¢ 0.103  0.097 0.101 0.096

Table 30: Speaker familiarity for the zero-shot baseline.

InfStrangers

Ianan

Inf[+]_

Ianeers

Accuracy (mean over eval. conditions)

Familiar
Unfamiliar

0.955
0.950

0.964
0.958

0.938
0.944

0.953
0.956

Table 31: Topic familiarity for the zero-shot baseline.
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Eval No ov. Ov. App
szs /InfStrungers
Bothpise 0919 (3123) 0.980 (1252) +6.1
Turnspie 0.921 (3123) 0.984 (1252) +6.3
M:—s / Infran
Bothpise  0.935(2992) 0.988 (1383) +5.2
Turnspie  0.937 (2992) 0.991 (1383) +5.4
Tr”S/rangers /InfStranger.v
Bothpise  0.827 (4280) 0.968 (95) +14.1
Turnspise  0.785 (4280) 0.979 (95) +19.4
Tri nStrangers / I }’lf Fan
Bothpie  0.869 (4240)  1.000 (135) +13.1
Turnspie  0.839 (4240)  0.985 (135) +14.6

Table 32: Judge accuracy split by whether interlocutor
turns contain any exact rare-word overlap with the target
biography. Parentheses give subset sizes; A is overlap
minus no overlap accuracy in percentage points.

G Rare-Word Leakage Subsets

Section 4.4 reports the within configuration accu-
racy gain when interlocutor turns contain at least
one rare word from the target biography (Figure 5).
Table 32 reports the absolute subset accuracies un-
derlying that gain, together with subset sizes.

Overlap-positive subsets are near ceiling in ev-
ery configuration (0.968-1.000), confirming that
exact rare-word overlap is a strong identification
cue. Under Trngsangers, however, the no-overlap
subset is also more accurate under Fan than un-
der Strangers (Turnspisc: 0.839 vs. 0.785; Bothpjg.:
0.869 vs. 0.827), suggesting that rare-word overlap
is a lower bound on broader leakage through para-
phrase, topic steering, or implicit semantic uptake.

H Training-Inference Dialogue Examples

All examples use Walter Sobchak from The Big
Lebowski (Speaker 1, target) and Peter Parker
/ Spider-Man from Spider-Man (Speaker 2, in-
terlocutor), enabling direct comparison across
training—inference conditions. These examples are
illustrative; the claims in the main paper rest on
aggregate results. Both biographies, reproduced
verbatim from PRODIGy (Occhipinti et al., 2024),
are reported in Table 33; the four configuration
tables that follow refer back to them.

Target biography (Walter): I am owner of Sobchak
Security; I use the combat knowledge I accumulated
during the Vietnam War. I spend most of my time at the
local bowling alley, and picking fights with those who
don’t respect the rules. I am stubborn, aggressive, and a
mentally unhinged believer in rules. I have to help my
friend The Dude through a sticky situation. While my
tour of duty prepared me for a career in security, it also
left me paranoid and angry.

Interlocutor biography (Peter / Spider-Man): [ am a
superhero and freelance photographer taking and

selling pictures of myself as Spider-Man. I am kind,
reserved, clever, a lifelong outcast and I tend to be
reserved and quiet. Whenever I am Spider-Man, I
become a consummate jokester using one-liners to
irritate my foes. I am super strong, super agile, capable
of sensing danger, and able to shoot webs out of my
hands. I have to keep New York City safe.

Table 33: PRODIGy biographies for the target (Wal-
ter) and interlocutor (Peter / Spider-Man) used through-
out this appendix, shortened to the five most represen-
tative sentences each. Highlighted spans anticipate
the dialogues below: lexical copying (Table 34) and
thematic adaptation (Table 37).

Tables 34-37 illustrate all four
training X inference configurations. Concordant
Trogyangers/Infsirangers sShows Spider-Man-related
terms surfacing despite masking. Concordant
Trnpeers/Infpeers sShows contextual adaptation to the
interlocutor. Discordant Trigangers/Infpecrs does
not visibly use the newly supplied interlocutor
information, while discordant Trnpe../Infs;angers
produces generic output when the expected
interlocutor context is absent.

Trnggangers/Infsrangers [Concordant: both
WITHOUT]

Target Bio (Walter): as in Table 33.

Interlocutor Bio (Peter): [MASKED] (contains
Spider-Man, webs) Topic: Fiction

Speaker 1: What? You mean like Jim?
Speaker 2: Spiderman!

Speaker 1: Yeah. .. Like Spiderman!
Speaker 2: How do you know it’s me?!

Speaker 1: Because you’ve got these. . . little web
things on your clothes! Yeah — there’s one right here. ..

Table 34: Concordant no-disclosure setting
(Trnsyangers/Ifsirangers). Spider-Man-related terms still
surface in both speakers’ turns (highlighted), illustrating
residual lexical leakage.
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Trngyangers/Infpeers [Discordant: train
WITHOUT, infer WITH]

Target Bio (Walter): as in Table 33.

Interlocutor Bio (Peter): as in Table 33. Topic:
Fiction

Speaker 1: They didn’t tell me it was a limited
engagement! Look here — he’s getting ready for
another one now. . .

Speaker 2: Shut up about that stuff right now. Let’s
talk turkey here. What were you doing there?

Speaker 1: Did you see anything weird tonight?

Speaker 2: Hey, what’re we talking about? No way
I'm going back over all this again. . .

Table  35: Discordant  disclosure  setting
(Trnsyangers/Infpeers).  The model receives the in-
terlocutor biography at inference, but the supplied
Spider-Man context is not visibly integrated.

Tropeers/Infsiangers [Discordant: train
WITH, infer WITHOUT]

Target Bio (Walter): as in Table 33.
Interlocutor Bio (Peter): [MASKED] Topic: Fiction

Speaker 1: Listen very carefully — I’'m going through
this once more for you. This man has become like a son
to me. ..

Speaker 2: That name sounds familiar somehow.

Speaker 1: It’s probably because he was an engineer
on one of our planes shot down over Laos. . .

Speaker 2: What’s wrong?

Table  36: Discordant  masking  setting
(Trnpeers/Infsiyangers). A model trained to expect
interlocutor context produces generic dialogue when
that context is absent at inference.

Trnp,ers/Infpe.s [Concordant: both WITH]

Target Bio (Walter): as in Table 33.

Interlocutor Bio (Peter): as in Table 33. Topic:
Fiction

Speaker 1: Oh boy! Did you see? He’s gonna get it
again. .. What the hell was wrong with him?
Speaker 2: What does this thing do?

Speaker 1: It takes a picture when they hit me or
something. Come check it out. ..

Speaker 2: Can it keep up? My camera could make
money doing this all by itself!

Table 37: Concordant mutual-disclosure setting
(Trnpeers/Infp,,rs). Aligned training and inference pro-
duce thematic adaptation to Spider-Man’s photographer
context (underlined).
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