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Abstract

Does fine-tuning on a user’s social-media his-
tory make an LLM a better simulator of that
user? We study this question using QLoRA,
conditioning models on a user’s chronological
action history and a reply thread before gen-
erating that user’s reply. Across 12 matched
baseline–QLoRA pairs from four model fam-
ilies (0.8B–32B), plus a baseline-only 122B
model, LLM-as-judge believability evaluations
show that QLoRA improves several smaller
models, has mixed effects on stronger mod-
els, and does not lift a sub-10B model into the
strongest large-model tier. However, a real-
versus-generated classifier gives a different re-
sult: QLoRA makes Qwen, OLMo, and Llama
replies much less detectable, while Gemma re-
mains readily detectable. Contextual believabil-
ity and detector AUC are uncorrelated across
systems. We further explore LLM evaluations:
strong LLM judges agree on broad quality tiers,
and a blind 200-comparison audit finds human–
judge agreement of 66% when three strong
judges agree and 47% when they split. The
measured effect of QLoRA therefore depends
on the evaluation axis.

1 Introduction

Realistic social-media user simulation requires
more than fluent or human-like text: a reply must
be plausible for a particular user in the specific
thread they are entering. This capability supports
computational social science and controlled stud-
ies of social computing systems (Park et al., 2022;
Gao et al., 2023; Park et al., 2023; Argyle et al.,
2023; Sarangi et al., 2026). A useful user simulator
should therefore condition on both the user’s behav-
ioral history and the local conversational context.

Prior work often conditions LLMs on persona
descriptions, profiles, or behavioral summaries (Li
et al., 2024; Lei et al., 2026). This is flexible, but
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it shifts much of the problem to profile construc-
tion and context selection, and persona-conditioned
models can drift over longer interactions (Abdulhai
et al., 2025). We study a complementary question:
if we fine-tune directly on chronological social-
media action histories, do models become better
user simulators?

We run a controlled, baseline-matched study of
QLoRA, a parameter-efficient fine-tuning method
(Hu et al., 2021; Dettmers et al., 2023), with a
recipe similar to that used in related social-media
fine-tuning work (Bück-Kaeffer et al., 2025; Pa-
gan et al., 2025). Each example contains a user’s
chronological posts, replies, likes, and reposts, fol-
lowed by a target thread and the user’s observed
reply. This formulation tests whether models can
learn directly from heterogeneous behavioral traces
without a separately constructed persona summary.
Holding the history, thread, and generation setup
fixed within each matched pair isolates the effect
of parameter adaptation across four model fami-
lies, with QLoRA comparisons from 0.8B to 32B
parameters and an additional baseline-only 122B
model.

We find that QLoRA improves several smaller
models but has mixed or negative effects on
stronger baselines, and no tuned model below 10B
reaches the strongest large-model tier. The con-
clusion also depends on how simulation quality
is measured: LLM judges favor models that pro-
duce contextually believable replies, whereas a
real-versus-generated classifier shows that QLoRA
makes replies from Qwen, OLMo, and Llama sub-
stantially less detectable even when contextual be-
lievability does not improve. These two evalua-
tion axes are uncorrelated across systems. Human
audits further show that agreement among strong
LLM judges is informative: human–judge agree-
ment is substantially higher when the judges agree
than when they split.

Our contribution is therefore not only a con-
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trolled comparison of QLoRA across model fam-
ilies and scales, but also an evaluation of what
different notions of “better user simulation” cap-
ture. By holding user-specific context fixed within
matched comparisons and jointly examining con-
textual believability, distributional discriminabil-
ity, judge agreement, and human judgments, we
separate improvements in surface imitation from
improvements in contextual fidelity. The results
show that adaptation, model capacity, and evalua-
tor choice can lead to different conclusions about
simulation quality.

2 Related Work

User simulation has roots in dialogue systems
(SCHATZMANN et al., 2006) and now includes
LLM-based social and economic agents (Bück-
Kaeffer et al., 2025; Horton et al., 2023; Park
et al., 2023; Argyle et al., 2023). Social-media
user modeling is closest to our setting: FineRob
studies behavior simulation from social traces (Li
et al., 2024), while HumanLLM and HumanLM
target broader individualized behavior modeling
(Lei et al., 2026; Wu et al., 2026). Related person-
alization work studies how much history should be
placed in context or compressed into parameters
(Salemi et al., 2024; Gu, 2026; Zhang and Wang,
2026; Zhang et al., 2026). Our contribution is a
controlled analysis of one standard QLoRA recipe
across model families and scales, using raw multi-
action histories and the original reply thread. Every
model and evaluator receives the same user-specific
context within a comparison, which separates the
effect of parameter updates from the effect of sup-
plying more informative prompts.

Exact-reference matching is too narrow for open-
ended replies. PersonaGym (Samuel et al., 2025),
computational Turing tests (Pagan et al., 2025),
and BluePrint (Bück-Kaeffer et al., 2025) moti-
vate evaluating both human-likeness and fidelity to
reference behavior. LLM judges support context-
conditioned comparison (Zheng et al., 2023; Liu
et al., 2023) but exhibit evaluator biases (Wang
et al., 2023). Text classifiers instead measure
whether generated text remains distinguishable
from real text (Dawkins et al., 2025). Prior pooled
detectors classify isolated replies across authors;
our pairwise judges assess whether a reply is plau-
sible for a specified user and thread, while our per-
system classifiers expose distributional artifacts in
reply text. These are related questions with dif-

ferent failure modes. We compare them directly,
randomize candidate order, and analyze judge and
human agreement. Appendix A discusses further
related work.

3 Method

Task. Given a user’s chronological action history
H and a thread stimulus S, the model generates a
reply r̂ intended to match the user’s actual reply
r∗. The system message contains the user’s action
history; the user message contains the thread and
the suffix “The user replied to the above post with:”;
the assistant message is the gold reply. Training
loss is applied only to the Assistant response.

Data. We use Bluesky action histories (Klepp-
mann et al., 2024) from the data source described
by Bück-Kaeffer et al. (2025), collected around
March 2025 from Canadian and American users
active in political discussions. Users are retained if
they have at least 20 context events and 10 authored
post/reply events. Histories include posts, replies,
likes, and reposts, ordered chronologically and
capped by token budget. The processed collection
contains 8,616 reply examples from 1,117 users.
For training, we use a fixed 5,000-example subset,
and validation uses 1,000 examples. Splits combine
held-out users and temporal holdout, so evaluation
covers both unseen users and future behavior from
seen users. The main comparison uses 2048-token
histories. Appendix M evaluates shorter and longer
histories. Appendix E repeats the comparison on
random users from a non-political Bluesky corpus
(Failla and Rossetti, 2024, 2025).

Models and training. We evaluate instruction-
tuned Qwen3 and Qwen3.5 (Yang et al., 2025;
Qwen Team, 2026), Gemma4 (Gemma Team,
2026), OLMo3 (Team Olmo et al., 2025), and
Llama3.1 (Grattafiori et al., 2024) models from
0.8B to 122B parameters. Scale plots use the
loaded checkpoint parameter counts: Gemma4-
E2B and Gemma4-E4B contain approximately
5.2B and 8B total parameters. The official Qwen
checkpoint is Qwen3.5-122B-A10B; figures and
tables abbreviate it as Qwen3.5-122B-A10. All
fine-tuning used QLoRA (Hu et al., 2021; Dettmers
et al., 2023) with rank 32, α = 64, no dropout, and
an effective batch size of 8. Qwen3.5-122B-A10 is
baseline-only.

Contextual evaluation. We evaluate 1,276 test
examples per system. Qwen3.5-27B-FP8 scores
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content, stance, style, and believability on 1–5
scales. We also report TwHIN-BERT cosine sim-
ilarity (Zhang et al., 2023), lexical metrics, and
length ratio. In pairwise tournaments, each judge
sees the same history and thread with two ran-
domly ordered replies. The main ELO averages
separate 14,300-comparison tournaments run by
Qwen3.5-122B-A10, Gemma4-31B, and Qwen3.5-
27B; judge-specific rankings are provided in the
Appendix G for further analysis.

Discriminability. For each system, a balanced
real-versus-generated classifier combines frozen
mean-pooled TwHIN-BERT embeddings with
length, punctuation, URL, hashtag, mention, emoji,
and formatting features, similar to the classifier
used by Pagan et al. (2025). Users are separated
across train and test. ROC-AUC is primary: 0.5 is
chance, and lower is harder to discriminate from hu-
man responses. For each test context, we compare
the classifier’s realness scores for two candidate
replies and select the higher-scoring reply. Apply-
ing the same ELO update used for judge rankings
produces a detector ladder without further annota-
tions.

Human audit. Two authors independently rate
the same 200 comparisons; six non-author raters
each rate a shared 30-comparison validation set.
Raters see the user history, thread, and randomized
candidates, and choose a preference. The com-
parisons span clear and contested model pairs as
well as real–generated pairs. The audit question
operationalizes whether a response is likely to have
been written by the specified user in that thread.
Appendices B, G, H, and I give full details.

4 Results

QLoRA does not improve performance
uniformly. Figure 1 shows positive scalar-
believability changes for 6 of 12 matched systems,
including a negligible +0.03 for Gemma4-E4B;
the other 6 degrade or do not change. Clear
gains occur for Qwen3.5-0.8B, Qwen3.5-2B,
Qwen3.5-4B, OLMo3-7B, and Llama3.1-8B.
Gemma4-E2B degrades, Qwen3.5-27B loses 0.69
points (4.74 to 4.05), OLMo3.1-32B loses 0.08,
and Gemma4-31B stays near its baseline. ELO
and the other scalar metrics show related but
model-specific changes. Adaptation helps when a
baseline has headroom but can reduce contextual
fit for capable models. Full fine-tuning checks on

Model ∆Bel. ∆Judge ELO ∆AUC

Qwen3.5-0.8B +.27 +112 −.256
Qwen3.5-2B +.79 +313 −.328
Qwen3.5-4B +.39 +148 −.276
Qwen3.5-9B −.03 −35 −.257
Qwen3.5-27B −.69 −138 −.279
Gemma4-E2B −.66 −218 +.059
Gemma4-E4B +.03 +100 +.014
Gemma4-31B .00 +43 +.057
OLMo3-7B +.34 +156 −.264
OLMo3.1-32B −.08 −17 −.289
Llama3.1-8B +.30 +86 −.270

Table 1: Matched change from base to QLoRA across
evaluation axes. Positive believability and judge-ELO
changes favor QLoRA; negative AUC changes mean
that generated replies become harder to distinguish from
real replies.

4B and 7B models provide little additional benefit
(Appendix K).

QLoRA changes the evaluation axes differently.
Table 1 places the matched intervention effects side
by side. Believability and judge ELO improve
for some systems and decline for others. Detec-
tor AUC follows a more regular family pattern: it
falls for all eight Qwen, OLMo, and Llama pairs
with complete results, but rises for all three Gemma
pairs. QLoRA’s most consistent effect is therefore
a family-dependent shift toward the surface form
of human replies, not a uniform improvement in
contextual simulation.

Larger base models outperform smaller tuned
models. Under the strong-judge aggregate ELO,
the top four systems are Gemma4-31B LoRA
(1867), Gemma4-31B base (1825), Qwen3.5-122B-
A10 base (1783), and Qwen3.5-27B base (1764).
No tuned model below 10B reaches this tier.
Llama3.1-8B LoRA, the best sub-10B tuned sys-
tem (1588), remains over 170 points below these
large baselines. Scalar metrics agree: Qwen3.5-
27B base reaches 4.74 believability, 2.48 content,
and 2.71 style, against 3.74, 2.13, and 2.63 for
Llama3.1-8B LoRA. These gaps exceed the use-
ful within-model QLoRA gains. Full results and
uncertainty appear in Appendix Tables 15 and 14.

Evaluation agreement scales with judge size.
Figure 2 shows that pairwise judge agreement in-
creases across model-size tiers. Kendall τ between
a judge’s system ranking and the main three-judge
aggregate rises from 0.51–0.57 for sub-4B judges
to 0.66–0.80 for the 27B–122B tier; agreement be-
tween pairwise win rates rises from 0.82 to 0.95.
GPT-5.4 and GPT-5.4-mini, two API judges from a
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Figure 1: Model scale versus scalar believability and pairwise ELO. The x-axis is log-scaled. Open circles are
base models; filled circles are QLoRA adapters; arrows connect matched base–LoRA systems and point toward the
LoRA result. Dashed lines mark ground-truth scalar believability and aggregate ELO.

Figure 2: Judge size versus agreement with the three
judges used in the main ELO aggregate (Qwen3.5-122B-
A10, Gemma4-31B, Qwen3.5-27B). Agreement broadly
increases across size tiers. Triangles at right show GPT-
5.4 and GPT-5.4-mini, whose parameter counts are not
public.

family absent from the candidate set, reach τ = .82
and .75 (OpenAI, 2026). The pattern is there-
fore not confined to same-family Qwen judges.
Weaker judges also show larger self-preference
bias: Gemma4-E2B raises its own base-plus-LoRA
win rate by 0.20 relative to the main three-judge
assessment, while the three strong judges show
lifts below 0.08 (Appendix Table 6). Broad quality
tiers are stable under capable judges, but middle
ranks and ground-truth placement remain evaluator-
dependent. Appendix Figure 5 gives the full rank-
ings.

Discriminability gives a different ordering. In
general, base-model replies are readily distin-
guishable from human replies (AUC 0.90–0.98).

1100 1200 1300 1400 1500 1600 1700 1800 1900
ELO

Qwen3.5-122B-A10 B

Gemma4-E2B L

Qwen3.5-0.8B B

Gemma4-31B L
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Qwen3.5-2B B

OLMo3-7B B

Gemma4-E4B B

Gemma4-E2B B

Qwen3.5-4B B

Llama3.1-8B B

Gemma4-31B B

Qwen3.5-27B B

Qwen3.5-9B B

OLMo3.1-32B B

Qwen3.5-0.8B L

Qwen3.5-2B L

Qwen3.5-4B L

OLMo3-7B L

Llama3.1-8B L

Qwen3-4B L

Qwen3.5-9B L

OLMo3.1-32B L

Qwen3.5-27B L

human (ground truth)

Judge (believability) vs detector (human-likeness) leaderboards
judge ELO
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Figure 3: The contextual LLM-judge and text-
discriminability ELO ladders differ substantially. B
and L denote base and QLoRA systems. Full ranks are
in Appendix Table 8.

QLoRA reduces AUC to 0.64–0.73 for Qwen,
OLMo, and Llama, while Gemma remains at
0.94–0.98. Length matching preserves the effect:
Qwen3.5-27B changes from .885 to .629, close
to its raw .921-to-.643 reduction. Judge believ-
ability and detector AUC are uncorrelated across
systems (Spearman ρ = .02, p = .93, boot-
strap 95% CI [−.44, .48]). Their ELO ladders
also differ (Figure 3): human replies rank first un-
der the detector, followed by Qwen3.5-27B LoRA
and OLMo3.1-32B LoRA, while the judge-leading
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Gemma4-31B LoRA ranks 22nd. A classifier aug-
mented with history- and thread-similarity features
still selects the real reply 62–70% of the time for
Qwen, OLMo, and Llama adapters and 93–97%
for Gemma. QLoRA can improve surface imita-
tion without making a reply indistinguishable from
the user’s real response in context. Appendix H
includes further details.

Qualitative Analysis. We inspected 44 Qwen3.5-
27B base-versus-QLoRA comparisons using GPT-
5.4 rationales; the base wins 27 and QLoRA wins
17. QLoRA losses most often involve unsupported
specifics (7 cases), fragments or awkward coher-
ence (5), off-thread drift (5), and generic or pol-
ished language (4). Base losses most often in-
volve generic, polished, or overlong advocacy (5).
QLoRA captures terse register, which helps de-
tection, but also reproduces unhedged details and
loose thread logic. Appendix J discusses this fur-
ther.

Human audit. The clearest evidence of ambigu-
ity comes from 100 real–generated comparisons
selected because Qwen3.5-122B-A10 preferred the
generated reply. Across the two authors’ 200 votes
on these cases, 41.5% favored the generated reply,
29.5% favored the real reply, and 29.0% were ties.
The judge’s choice was therefore not a clear hu-
man error, but it was not a clear human preference
either.

The broader audit shows that reliability varies
with comparison difficulty. The authors agree on
90% of high-ELO difference model pairs (κ = .80),
compared with 55–67% across the remaining strat-
ified slices (κ = .27–.33) and 42% on the adver-
sarial real–generated slice (κ = .12). Individual
human–judge agreement is 66% when the three
strong judges are unanimous and 47% when they
split; the corresponding human-majority rates are
81% and 55%. Humans also select the higher-ELO
system more often as the gap grows: 45% below
150 ELO points, 60% at 150–300, and 68% above
300. Appendix I reports the design, denominators,
external-rater comparison, and full breakdown.

5 Discussion

The contextual metrics establish a practical hierar-
chy. Across LLM-as-judge ratings, large baselines
and large fine-tuned models lead, and QLoRA does
not let sub-10B models match them. Its gains for
smaller models make it an efficiency tool within

a capacity tier; base-model capacity remains deci-
sive. The non-political replication in Appendix E
supports this pattern, including the case that the
27B model QLoRA showed worse performance
than the baseline.

At the same time, QLoRA reduces detectabil-
ity for Qwen, OLMo, and Llama, including the
27B model that loses 0.69 believability points.
Gemma remains highly detectable even when its
31B adapter leads the judge ranking. The condi-
tioned classifier and qualitative provide insights:
adaptation captures terse register while leaving
context-fit errors such as unsupported specifics,
fragments, and off-thread drift. Surface imitation
can improve while contextual coherence declines.

The human audit separates hard cases from gen-
eral evaluator failure. On judge-selected generated-
over-real cases, votes divide among generated,
real, and tie, indicating that the observed ground-
truth losses are genuinely ambiguous. Across the
broader set, humans increasingly favor higher-ELO
systems as the gap grows, and unanimous judge
decisions align better with humans than split deci-
sions. Three-judge consensus is therefore a useful
confidence signal, although it is not infallible.

Evaluations of contextual user simulation should
use capable judges from different families, report
their agreement, and audit strata that include judge
disagreements. A separate detector should re-
port discriminability with real-versus-real, length-
matched, and context-conditioned controls. The
two scores should remain separate because they
measure different properties. Under a compute
constraint, QLoRA remains useful for improving
smaller models; strong contextual simulation still
requires sufficient base-model capacity.

6 Conclusion

QLoRA improves many smaller models but does
not close the gap to strong large baselines and can
harm capable systems. Its effect also depends on
the evaluation axis: for Qwen, OLMo, and Llama,
adaptation can make replies harder to distinguish
from human text without improving contextual be-
lievability, with Gemma being an outlier. These
results separate surface imitation from contextual
user simulation. Strong LLM judges agree on
broad quality tiers, and human agreement is higher
when those judges agree than when they split. User-
simulation evaluations should therefore report both
evaluation axes and judge agreement.
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Limitations

The main corpus is English-language Bluesky data
from North American political discussions. The
non-political replication tests content-domain trans-
fer, but cross-platform and cross-lingual validity
remain open. The cross-model comparison holds
the QLoRA configuration fixed to isolate model-
family and scale effects; adaptation outcomes may
differ under other configurations or training meth-
ods. The classifier captures detectability from reply
text and may reward bland or repetitive outputs.
Context-conditioned controls reduce this concern
but still select the real reply above chance. Finally,
the full 200-comparison audit was rated by two
paper authors; the six non-author raters evaluated
a shared 30-comparison validation set. The au-
dit supports agreement-based confidence estimates
and does not define a definitive human leaderboard.

Ethics Statement

This work studies public social-media behavior for
user simulation, which creates privacy and mis-
use risks if models are used to impersonate or tar-
get individuals. The source posts were publicly
accessible through the AT Protocol, which is de-
signed for public conversation and third-party ap-
plications. Bluesky’s Terms of Service state that
users retain ownership of their content and that
Bluesky does not control third-party use. We there-
fore minimize downstream exposure: identifiers
are anonymized during training following Bück-
Kaeffer et al. (2025), private content is excluded,
and we do not release post text, fine-tuning data,
or trained weights. Researchers reusing the col-
lection should independently verify the platform
terms in force at the time of access. Our results also
show that capable untuned models can already pro-
duce plausible personalized replies, so withholding
adapters does not remove the broader imperson-
ation risk.
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We used generative AI tools, including OpenAI
ChatGPT, for language editing and to assist with
figure generation from experiment outputs.

A Extended Related Work

A.1 User Simulation with Language Models
User simulation has a long history in dialogue sys-
tems research (SCHATZMANN et al., 2006). With
instruction-tuned LLMs, the question has expanded
from task-oriented dialogue to broader simulations
of people, communities, and institutions. Aher
et al. (2023) proposed Turing Experiments for test-
ing whether LLMs can reproduce findings from
human-subject studies, while Horton et al. (2023)
studied LLMs as simulated economic agents. Park
et al. (2023) introduced generative agents that simu-
late day-to-day human behavior using LLM-based
architectures with memory retrieval. Argyle et al.
(2023) showed that LLMs can reproduce survey

response distributions of demographic subgroups
when prompted with appropriate conditioning in-
formation.

For social media specifically, Li et al. (2024)
constructed the FineRob dataset of 1,866 users
across three platforms and proposed observation-
and-memory chain-of-thought fine-tuning to im-
prove behavior prediction. Their work demon-
strated that models that reason over past behav-
iors outperform those relying on static user profiles.
Lei et al. (2026) introduced HumanLLM, a founda-
tion model trained on diverse user modeling tasks
including profile generation, social question an-
swering, and writing imitation. Similarly, Wu et al.
(2026) proposed reinforcement learning on latent
psychological states to produce user simulators that
are more consistent along dimensions like opinion
and emotion.

We use raw chronological action histories as
the conditioning signal, without curated persona
descriptions or explicit psychological-state labels.
This design tests whether standard QLoRA train-
ing can extract behavioral patterns directly from
unstructured activity traces.

A.2 Personalization and Context Length
Personalization work has examined how context
length affects model quality. Salemi et al. (2024)
introduced LaMP, a benchmark suite for personal-
ized language modeling across retrieval and gen-
eration tasks. Gu (2026) introduced PAPerBench,
a benchmark spanning 1K to 256K tokens of user
background context, and found a consistent scaling
gap: personalization quality degrades as context
grows, even for models supporting long windows.
They attribute this to limitations of soft attention
under fixed capacity, showing that additional his-
tory does not guarantee better personalization.

Zhang and Wang (2026) addressed this through
context distillation, compressing long user histories
into model parameters via self-learning. Their ap-
proach separates the “knowing” (parametric mem-
ory) from “recalling” (episodic retrieval), reducing
inference costs while maintaining personalization
quality. Zhang et al. (2026) proposed token-level
personalization signals that identify which output
tokens depend on user-specific information and
upweight them during training. Ni et al. (2026)
explored context expansion through graph-based
link prediction combined with reasoning alignment
via fine-tuning.

We test a standard QLoRA recipe across model
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families, scales, and amounts of behavioral context.
The limited benefit from longer training histories
is analogous to the “long context, less focus” phe-
nomenon reported by Gu (2026), which concerns
inference-time context length.

A.3 Evaluation of Generated Personas

Evaluating persona fidelity requires multiple mea-
sures. Samuel et al. (2025) introduced PersonaGym
and PersonaScore, an automatic evaluation frame-
work covering linguistic habits, persona consis-
tency, and action justification, validated against
human judgments. Abdulhai et al. (2025) defined
three consistency metrics (prompt-to-line, line-to-
line, and Q&A consistency) and showed that LLM-
generated personas drift from their assigned be-
havior over multi-turn interactions. Closest to our
social-media setting, Pagan et al. (2025) proposed a
computational Turing test for comparing AI and hu-
man language across platforms, and Bück-Kaeffer
et al. (2025) introduced BluePrint for social-media
persona evaluation and training. These works mo-
tivate separate measures of human-likeness and
fidelity to reference behavior.

LLM judges (Zheng et al., 2023) support open-
ended evaluation where reference-based metrics are
insufficient. G-Eval showed that GPT-based evalu-
ators can align better with human ratings than tradi-
tional NLG metrics in summarization and dialogue
(Liu et al., 2023). Prior work also documents or-
der and evaluator biases in pairwise judging (Wang
et al., 2023). We randomize candidate order, report
parsing reliability, compare multiple judges, and
analyze cross-judge agreement.

B Expanded Method and Evaluation
Details

Task formatting. Each example is formatted as
a three-turn chat. The system message contains the
chronological user action history, the user message
contains the reply thread and the suffix “The user
replied to the above post with:”, and the assistant
message contains the observed user reply.

History construction. For each target reply, we
include only prior actions by the same user. Posts
include authored text, replies include the parent
post and the user’s response, and likes/reposts in-
clude the immediate parent post as compressed evi-
dence of interest. Events are ordered from oldest
to newest. When histories exceed the token budget,

we first remove older likes and reposts, then trim
the oldest remaining events.

Loss masking. Training loss is applied only
to assistant reply tokens. System and user to-
kens are conditioning context and receive the
ignore label. For a sequence where the assis-
tant reply begins after position h, the loss is
− 1

n−h

∑n
i=h+1 log pθ(xi | x<i).

Generation and scalar judging. Scalar judging
uses Qwen3.5-27B-FP8 to score content similarity,
stance similarity, style similarity, and believability
on 1–5 scales. Content, stance, and style compare
the generated and gold replies; believability uses
the history, thread, and generated reply.

Reference metrics and baselines. We compute
TwHIN-BERT cosine similarity between generated
and gold replies, plus length ratio, Levenshtein
similarity, and Jaccard similarity. Each baseline
receives the same action history and thread as its
matched LoRA system, so baseline–LoRA compar-
isons isolate the effect of parameter updates while
holding the input context fixed.

C Training Details

LoRA Configuration. We use rank r = 32, scal-
ing α = 64, and no dropout. Target modules
are q_proj, k_proj, v_proj, o_proj, gate_proj,
up_proj, and down_proj. Base models are loaded
in 4-bit quantization via Unsloth (Han and Han,
2024) for QLoRA training.

Optimizer. QLoRA runs use AdamW with learn-
ing rate 2× 10−4, a linear schedule, 100 warmup
steps, and weight decay 0.01. Cross-model results
use each adapter’s epoch-10 checkpoint.

Sequence lengths. The main cross-model runs
use 2,048-token histories and a maximum sequence
length of 3,500 tokens, leaving room for the thread
stimulus and reply. All main QLoRA runs use an
effective batch size of 8. Training uses four H100
GPUs.

Implementation. Training uses multi-GPU data
parallelism where needed for the larger models.
Generation and judging use vLLM with tensor or
data parallelism depending on model size.

C.1 Evaluation

Generation. At inference time, we use vLLM
(Kwon et al., 2023) with the same chat template
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used during training to ensure prompt consistency.
We evaluate every system on n = 1,276 test ex-
amples. The main cross-model comparison uses
2048-token histories at evaluation time.

LLM Judge Metrics. We use Qwen3.5-27B-FP8
as an automated scalar judge, scoring predicted
replies on four dimensions:

• Content similarity (1–5): topical overlap, en-
tities, and facts referenced compared to the
gold reply.

• Stance similarity (1–5): agreement, opinion,
sentiment, and position toward the topic.

• Style similarity (1–5): tone, register, length
patterns, and wording habits.

• Believability (1–5): whether the reply is a
logical, in-character continuation given the
user’s history and the thread context.

Content, stance, and style are evaluated from the
predicted and gold reply texts. Believability uses
the full context (history + thread + predicted re-
ply) to assess coherence with the user’s established
patterns.

Embedding and Lexical Metrics. We compute
cosine similarity between mean-pooled embed-
dings of the predicted and gold replies using
TwHIN-BERT (Zhang et al., 2023), a socially en-
riched language model trained on tweet representa-
tions. We also report length ratio (predicted / gold),
Levenshtein similarity, and Jaccard similarity over
word sets.

Pairwise Believability ELO. Scalar ratings can
be sensitive to calibration differences, so we also
run pairwise believability tournaments over pre-
generated replies. For each comparison, the judge
receives the action history, thread stimulus, and two
candidate replies in randomized A/B order, then
chooses the more believable continuation. We con-
vert pairwise wins into ELO ratings with initial
rating 1500 and K = 32. The main ELO column
is a system-level aggregate: we run a complete
ELO tournament separately for Qwen3.5-122B-
A10, Gemma4-31B, and Qwen3.5-27B, then av-
erage each system’s resulting ELO across the three
judges. We center the main ranking on this aggre-
gate to reduce dependence on any single evaluator.
We do not pool response-level comparisons across
judges before fitting ELO. Appendix G reports

Model Users n QLoRA win [95% CI]

Qwen3.5-9B seen 499 .643 [.602, .685]
unseen 192 .594 [.530, .655]

Qwen3.5-27B seen 499 .373 [.332, .414]
unseen 190 .342 [.282, .404]

Gemma4-31B seen 498 .635 [.590, .675]
unseen 192 .625 [.556, .695]

Table 2: Pairwise QLoRA win rate against its matched
raw-history baseline on non-political Bluesky data. In-
tervals are user-clustered; all exclude .5.

judge-specific settings, rankings, and agreement
across non-LoRA judges.

Statistical uncertainty. Appendix Table 14 re-
ports 95% confidence intervals for scalar means
over test examples. For aggregate ELO, it reports
the range of system-level ratings assigned by the
three strong judges.

Baselines. Each baseline uses the same
instruction-tuned model without LoRA adapters,
receiving the identical action history in the system
message and thread in the user message. Thus,
baseline-vs-LoRA comparisons isolate the effect
of parameter updates while holding the input
context fixed.

D Data Processing Details

We use full-branch thread context, anonymized user
IDs, no sibling replies, and token-capped user his-
tories. Filtering requires at least 20 context events
and at least 10 authored post/reply events per user.
Splits combine user holdout and temporal holdout:
10% of users are fully held out, while examples for
remaining users are ordered temporally and split
into train/validation/test.

E Non-Political Bluesky Replication

We repeated the matched base–QLoRA comparison
on a non-political held-out-reply task constructed
from random users in the Bluesky V3 corpus (Failla
and Rossetti, 2024, 2025). The training subset con-
tains approximately 6,000 examples and uses the
main experiment’s QLoRA configuration, 2048-
token histories, and Qwen3.5-27B-FP8 judge. We
evaluate future replies from seen users and replies
from users excluded from training. Table 2 reports
the direct QLoRA-versus-base win rate, with confi-
dence intervals obtained by resampling users.

The directions for Qwen3.5-27B and Gemma4-
31B match the main experiment on both user splits.
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Qwen3.5-9B shifts in favor of QLoRA, so the repli-
cation supports capacity dependence without imply-
ing a fixed threshold. We excluded IDs for which
the 9B baseline entered repetition loops, applying
the same exclusion to every model: 303 of 1,484
seen-user items and 51 of 245 unseen-user items.
Because 93% of these failures came from the 9B
baseline, this rule is conservative for its QLoRA
comparison.

F Pairwise Judge Prompt

G Pairwise ELO Calculation and Judge
Agreement

Tournament construction. The pairwise tour-
nament uses 26 labels: 12 baseline systems, 12
matched QLoRA systems, Qwen3.5-122B-A10 as
a baseline-only system, and the human ground-
truth reply. This gives 325 unordered label pairs.
We sample 44 test examples per pair, for 14,300
comparisons per judge before invalid-parse filter-
ing. Candidate order is deterministically random-
ized with a fixed seed. Judges return structured
JSON containing the winner (A or B) and a short
rationale. Parse success exceeds 99.7% for every
judge except Qwen3.5-0.8B, which parses 62.1%
of comparisons; invalid responses are excluded
from ELO fitting. All systems start at ELO 1500
and valid comparisons are processed in a determin-
istic shuffled order with K = 32.

Aggregate ELO. The main ranking averages
system ratings from three complete tournaments
judged by Qwen3.5-122B-A10, Gemma4-31B, and
Qwen3.5-27B. We compute ELO independently for
each judge before averaging system ratings. The
appendix ELO range is the minimum and maxi-
mum across those three judges; it is not a bootstrap
confidence interval. The following tables report
judge-specific rankings, agreement, and diagnos-
tics.

The judge-specific rankings form broad tiers
even when exact ordering changes. Gemma4-31B
LoRA, Qwen3.5-122B-A10, Qwen3.5-27B, and
Gemma4-31B baseline are consistently upper-tier
systems, with mean judge-specific ranks between
2.4 and 4.8. The weakest systems are also stable:
Qwen3.5-0.8B baseline, Gemma4-E2B LoRA, and
Qwen3.5-2B baseline have mean ranks above 23.
Middle-tier systems vary more by judge; for exam-
ple, Qwen3-4B baseline ranges from rank 1 under
OLMo3-7B to rank 17 under Gemma4-31B. Thus,

judge choice mainly affects ordering inside the mid-
dle of the leaderboard rather than the broad high-
and low-performing groups.

The ground-truth reference ranks fifth under the
strong-judge aggregate, but its rank varies substan-
tially by judge: third under Gemma4-31B, sev-
enth under Qwen3.5-27B, ninth under Qwen3.5-
122B-A10, and between eighth and fifteenth for
the remaining judges. This variation is consistent
with the main interpretation of ELO as compara-
tive plausibility rather than exact reference recov-
ery. Stronger judges often prefer polished large-
model continuations to terse human references,
while weaker judges do not produce a uniformly
higher or lower placement for ground truth.

Figure 6 shows the full pairwise agreement ma-
trix. Under the Qwen3.5-122B-A10 judge, most
small models lose clearly to ground truth, while
only the strongest large baselines and Gemma4-
31B LoRA exceed parity. The Gemma4-31B judge
(Figure 7) places ground truth higher (rank 3), so
fewer models surpass it. This judge-dependent vari-
ation in ground-truth placement further confirms
that ELO rankings should not be interpreted as a
fixed ground-truth ordering.

Figure 8 shows scale trends for all metrics. Be-
lievability and ELO increase most clearly with
scale, while TwHIN-BERT cosine similarity is rel-
atively flat above 4B parameters and length close-
ness is non-monotonic. The strongest scale trend
is specific to judged plausibility.

The agreement table compares system-level
rankings and pairwise win-rate matrices. We also
report a length-bias diagnostic for the three strong
judges.
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You are an expert evaluator of social-media continuations.

Given a user's action history, the thread they are replying to, and two predicted replies,
choose which reply is more believable and logically consistent as a continuation for this user.

Judge only the quality of the continuation for this user and thread. Do not prefer a reply
just because it is longer. If both replies are imperfect, choose the better one.

Return ONLY valid JSON with this exact schema:
{
"winner": "A" or "B",
"brief_rationale": "<one sentence>"

}

--- ACTION HISTORY (system context) ---
```
{system_content}
```

--- THREAD CONTEXT (user message) ---
```
{user_content}
```

--- REPLY A ---
```
{reply_a}
```

--- REPLY B ---
```
{reply_b}
```

Figure 4: Pairwise believability prompt used for ELO tournaments. Candidate order is randomized deterministically
per example and model pair.

System Agg. rank Mean rank SD Range Tier

Gemma4-31B LoRA 1 2.5 2.1 1–8 upper
Gemma4-31B Base 2 4.8 2.4 2–11 upper
Qwen3.5-122B-A10 Base 3 2.4 1.5 1–5 upper
Qwen3.5-27B Base 4 3.3 1.5 2–7 upper
Ground truth 5 10.2 3.5 3–15 middle
OLMo3.1-32B Base 6 6.8 3.5 4–15 middle
OLMo3.1-32B LoRA 7 10.8 3.9 6–18 middle
Qwen3.5-27B LoRA 8 9.5 3.1 7–16 middle
Llama3.1-8B LoRA 9 11.3 3.2 6–18 middle
Qwen3.5-9B Base 10 7.0 3.5 2–15 middle
Gemma4-E4B LoRA 11 12.5 3.1 8–18 middle
Qwen3-4B LoRA 12 12.7 3.1 9–19 middle
Qwen3.5-9B LoRA 13 14.0 3.6 9–21 middle
Qwen3.5-4B LoRA 14 13.8 4.0 7–18 middle
Llama3.1-8B Base 15 17.5 3.4 12–22 lower
Qwen3-4B Base 16 7.5 5.0 1–17 middle
OLMo3-7B LoRA 17 17.3 4.3 6–21 lower
Gemma4-E4B Base 18 15.1 4.2 8–23 middle
Qwen3.5-2B LoRA 19 18.3 3.7 12–24 lower
Qwen3.5-4B Base 20 20.0 2.6 14–23 lower
Gemma4-E2B Base 21 20.9 1.9 17–24 lower
OLMo3-7B Base 22 17.4 4.4 9–23 lower
Qwen3.5-0.8B LoRA 23 21.8 3.1 13–24 lower
Qwen3.5-0.8B Base 24 25.2 0.9 24–26 lower
Gemma4-E2B LoRA 25 23.6 2.6 17–26 lower
Qwen3.5-2B Base 26 24.8 1.4 21–26 lower

Table 3: Rank stability across non-LoRA pairwise judges. Mean rank, standard deviation, and range are computed
over all judge-specific ELO rankings. Smaller ranks are better. Tiers are descriptive summaries based on mean rank:
upper (≤ 6), middle (> 6 and ≤ 16), and lower (> 16).
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Figure 5: System rank variation across non-LoRA pairwise judges. Rows are ordered by the strong-judge aggregate
rank; darker cells indicate better rank under the corresponding judge. The figure shows a stable upper tier, a broad
middle tier with judge-dependent swaps, and a consistently weak lower tier.

Figure 6: Agreement among non-LoRA pairwise judges. The left panel compares system-level ELO rankings
with Kendall τ ; the right panel compares pairwise win-rate matrices. Darker cells indicate higher agreement.
Qwen3.5-122B-A10 agrees most strongly with Qwen3.5-27B (τ = 0.803), while agreement with sub-4B judges
drops below τ = 0.60.
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Figure 7: Model win rate against the ground-truth reply under the Gemma4-31B judge. Gemma4-31B places ground
truth at rank 3, compared with rank 9 under Qwen3.5-122B-A10, so fewer models exceed parity.

Figure 8: Model scale trends for all main metrics. Believability and ELO are shown in the main text; semantic
similarity, style similarity, TwHIN-BERT cosine similarity, and length closeness are included here to show that the
scale trend is strongest for judged plausibility and weaker for reference-similarity metrics.
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Judge A Judge B Kendall τ Win-matrix agr. Pairs

Qwen3.5-122B-A10 Gemma4-31B 0.662 0.926 325
Qwen3.5-122B-A10 Qwen3.5-27B 0.803 0.949 325
Qwen3.5-122B-A10 OLMo3.1-32B 0.717 0.907 325
Qwen3.5-122B-A10 OLMo3-7B 0.668 0.868 325
Qwen3.5-122B-A10 Gemma4-E4B 0.760 0.916 325
Qwen3.5-122B-A10 Gemma4-E2B 0.606 0.853 325
Qwen3.5-122B-A10 Qwen3-4B 0.717 0.904 325
Qwen3.5-122B-A10 Qwen3.5-2B 0.637 0.861 325
Qwen3.5-122B-A10 Qwen3.5-0.8B 0.569 0.827 325
Gemma4-31B Qwen3.5-27B 0.735 0.946 325
Gemma4-31B OLMo3.1-32B 0.514 0.873 325
Gemma4-31B OLMo3-7B 0.526 0.839 325
Gemma4-31B Gemma4-E4B 0.483 0.873 325
Gemma4-31B Gemma4-E2B 0.625 0.835 325
Gemma4-31B Qwen3-4B 0.526 0.865 325
Gemma4-31B Qwen3.5-2B 0.508 0.845 325
Gemma4-31B Qwen3.5-0.8B 0.563 0.816 325
Qwen3.5-27B OLMo3.1-32B 0.680 0.890 325
Qwen3.5-27B OLMo3-7B 0.606 0.852 325
Qwen3.5-27B Gemma4-E4B 0.612 0.891 325
Qwen3.5-27B Gemma4-E2B 0.594 0.846 325
Qwen3.5-27B Qwen3-4B 0.643 0.883 325
Qwen3.5-27B Qwen3.5-2B 0.588 0.854 325
Qwen3.5-27B Qwen3.5-0.8B 0.557 0.822 325
OLMo3.1-32B OLMo3-7B 0.705 0.928 325
OLMo3.1-32B Gemma4-E4B 0.686 0.935 325
OLMo3.1-32B Gemma4-E2B 0.557 0.892 325
OLMo3.1-32B Qwen3-4B 0.729 0.938 325
OLMo3.1-32B Qwen3.5-2B 0.625 0.898 325
OLMo3.1-32B Qwen3.5-0.8B 0.557 0.867 325
OLMo3-7B Gemma4-E4B 0.612 0.909 325
OLMo3-7B Gemma4-E2B 0.618 0.915 325
OLMo3-7B Qwen3-4B 0.680 0.918 325
OLMo3-7B Qwen3.5-2B 0.662 0.918 325
OLMo3-7B Qwen3.5-0.8B 0.582 0.890 325
Gemma4-E4B Gemma4-E2B 0.649 0.886 325
Gemma4-E4B Qwen3-4B 0.760 0.944 325
Gemma4-E4B Qwen3.5-2B 0.655 0.893 325
Gemma4-E4B Qwen3.5-0.8B 0.489 0.853 325
Gemma4-E2B Qwen3-4B 0.655 0.894 325
Gemma4-E2B Qwen3.5-2B 0.588 0.912 325
Gemma4-E2B Qwen3.5-0.8B 0.508 0.890 325
Qwen3-4B Qwen3.5-2B 0.637 0.899 325
Qwen3-4B Qwen3.5-0.8B 0.520 0.864 325
Qwen3.5-2B Qwen3.5-0.8B 0.551 0.918 325

Table 4: Agreement between non-LoRA pairwise believability judges. Kendall τ compares system-level ELO
rankings; win-matrix agreement is one minus the mean absolute difference in pairwise win rates over shared model
pairs.

Judge A win Longer win ∆ words Corr.

Qwen3.5-122B-A10 0.575 0.575 -0.1 0.001
Gemma4-31B 0.524 0.553 -2.0 -0.049
Qwen3.5-27B 0.534 0.547 -2.0 -0.050

Table 5: Verbosity and position-bias diagnostics for the three strong pairwise judges. A win is the fraction of usable
comparisons choosing candidate A. Longer win is the fraction of non-tie comparisons where the longer candidate
is selected. ∆ words is winner length minus loser length. Corr. is the correlation between A-minus-B length and
choosing A.
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Judge Own self win Strong ref. Lift Comparisons

Qwen3.5-122B-A10 0.824 0.751 0.073 1100
Gemma4-31B 0.880 0.855 0.026 2112
Qwen3.5-27B 0.755 0.737 0.018 2106
OLMo3.1-32B 0.637 0.634 0.004 2110
OLMo3-7B 0.460 0.380 0.080 2111
Gemma4-E4B 0.532 0.496 0.036 2112
Gemma4-E2B 0.409 0.212 0.197 2109
Qwen3-4B 0.634 0.511 0.122 2112
Qwen3.5-2B 0.384 0.286 0.099 2107
Qwen3.5-0.8B 0.382 0.173 0.209 1300

Table 6: Base-plus-LoRA self-preference diagnostic for pairwise judges. The self-label set contains the matching
base-model candidate plus its LoRA adapter when available. Own self win is the win rate that judge assigns to its
self-label set against all other candidates. Strong ref. is the mean win rate assigned to that same self-label set by the
three strong-reference judges used in the main ELO aggregate, excluding the judge itself when applicable. Lift is
the difference.
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H Classifier-Based Discriminability

Setup. For each generated system, we form a
balanced real-versus-generated dataset from re-
ply text. Features combine mean-pooled frozen
TwHIN-BERT embeddings with length, punctua-
tion, URL, hashtag, mention, emoji, and format-
ting statistics. We separate users between training
and test and fit logistic-regression and histogram-
gradient-boosting classifiers. ROC-AUC is the
primary statistic; 0.5 means that real and gener-
ated replies are indistinguishable. This test follows
prior computational detection work (Pagan et al.,
2025; Dawkins et al., 2025). The per-system clas-
sifiers measure how readily each generator can be
detected; the pooled classifier gives an overall task
baseline.

Controls. A real-versus-real null gives AUC .51–
.52. Length matching preserves the main reduc-
tions, including .885 to .629 for Qwen3.5-27B. Re-
peating user-grouped splits 12 times gives the same
family pattern: Qwen, OLMo, and Llama QLoRA
AUCs average .65–.73, while all three Gemma

adapters remain more detectable than their bases in
at least 11 of 12 splits. A pooled detector over all
systems obtains AUC .805 and accuracy .758.

Context-conditioned test. The main detector
tests surface imitation because it sees reply text
only. We therefore add cosine and Jaccard simi-
larity to the user history and stimulus, plus reply
length relative to the parent post, and train a detec-
tor that sees text and these relational features. In a
forced-choice test over a real and generated reply
for the same context, the classifier selects the real
reply 62–70% of the time for Qwen, OLMo, and
Llama QLoRA systems and 93–97% for Gemma.
Pooled accuracy is .761. QLoRA makes surface
form substantially more human-like for most fami-
lies, but detectable context-fit differences remain.

ELO construction and orthogonality. We ob-
tain out-of-fold probabilities that each reply is hu-
man, compare probabilities within each test item,
and convert those comparisons to the same ELO
scale used for judge rankings. The ladder summa-
rizes classifier outputs and introduces no additional
annotations. Across the 24 generated systems, de-
tector AUC has no detectable rank association with
scalar believability (ρ = .02, p = .93, bootstrap
95% CI [−.44, .48]) or judge ELO (ρ = −.05,
p = .83). The judge and detector ladder ranks
correlate at ρ = .28 when human replies are in-
cluded (p = .18, n = 25).
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Model |θ|(B) base LoRA baseℓ LoRAℓ ∆
AUC AUC AUC AUC (base−LoRA)

Qwen3.5-0.8B 0.8 0.982 0.726 0.969 0.693 0.256
Qwen3.5-2B 2 0.972 0.644 0.937 0.674 0.328
Qwen3-4B 4 – 0.663 – 0.647 –
Qwen3.5-4B 4 0.935 0.659 0.868 0.659 0.276
Gemma4-E2B 5.2 0.895 0.954 0.863 0.883 -0.059
OLMo3-7B 7 0.981 0.717 0.980 0.671 0.264
Gemma4-E4B 8 0.925 0.939 0.909 0.885 -0.014
Llama3.1-8B 8 0.973 0.703 0.964 0.675 0.270
Qwen3.5-9B 9 0.911 0.654 0.857 0.671 0.257
Qwen3.5-27B 27 0.921 0.643 0.885 0.629 0.279
Gemma4-31B 31 0.926 0.983 0.885 0.988 -0.057
OLMo3.1-32B 32 0.961 0.672 0.970 0.708 0.289
Qwen3.5-122B-A10 122 0.982 – 0.970 – –

Table 7: Per-system detector ROC-AUC. The subscript ℓ denotes reply-length-matched data. Lower values indicate
that generated replies are more difficult to separate from real replies. ∆ is raw base AUC minus QLoRA AUC.

System judge ELO rank detector ELO rank

human (ground truth) 1680 5 1673 1
Qwen3.5-27B (L) 1626 8 1621 2
OLMo3.1-32B (L) 1628 7 1619 3
Qwen3.5-9B (L) 1527 13 1616 4
Qwen3-4B (L) 1534 12 1615 5
Llama3.1-8B (L) 1588 9 1612 6
OLMo3-7B (L) 1454 17 1609 7
Qwen3.5-4B (L) 1515 14 1600 8
Qwen3.5-2B (L) 1403 19 1598 9
Qwen3.5-0.8B (L) 1265 23 1569 10
OLMo3.1-32B (B) 1644 6 1489 11
Qwen3.5-9B (B) 1562 10 1487 12
Qwen3.5-27B (B) 1764 4 1486 13
Gemma4-31B (B) 1825 2 1477 14
Llama3.1-8B (B) 1503 15 1477 15
Qwen3.5-4B (B) 1366 20 1464 16
Gemma4-E2B (B) 1323 21 1460 17
Gemma4-E4B (B) 1452 18 1439 18
OLMo3-7B (B) 1298 22 1431 19
Qwen3.5-2B (B) 1090 26 1424 20
Gemma4-E4B (L) 1552 11 1423 21
Gemma4-31B (L) 1867 1 1389 22
Qwen3.5-0.8B (B) 1153 24 1381 23
Gemma4-E2B (L) 1105 25 1304 24
Qwen3.5-122B-A10 (B) 1783 3 1235 25

Table 8: Contextual-believability ELO from the strong LLM judges and discriminability ELO from cross-fitted
classifier scores. B and L denote base and QLoRA systems.
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I Expanded Human Audit

Items and raters. Two paper authors indepen-
dently rated the same 200 comparisons, giving 400
ratings. Six external, non-author raters each com-
pleted the same 30-comparison validation set, giv-
ing 180 ratings. The external raters were under-
graduate and graduate students recruited from the
authors’ research lab; none was involved in this
project. Twenty-nine external-audit comparisons
also appear in the author set. We report the two
rater pools separately unless an analysis is explic-
itly described as pooled.

Sampling strata. For sampling only, we used a
broader six-judge pool comprising Qwen3.5-122B-
A10, Gemma4-31B, Qwen3.5-27B, OLMo3.1-
32B, GPT-5.4, and GPT-5.4-mini to identify unan-
imous and contested strata. This pool does not
define a paper ranking. All human–judge agree-
ment results below use the three judges in the main
ELO aggregate: Qwen3.5-122B-A10, Gemma4-
31B, and Qwen3.5-27B.

The author set contains 100 real–generated cases
where Qwen3.5-122B-A10 selected the generated
reply, 42 contested model–model pairs, 12 model–
model pairs on which the sampling pool was unan-
imous, 10 clear model pairs with a large ELO gap,
30 real–generated pairs where the pool selected the
real reply, and 6 real–generated pairs where it split.
The adversarial cases contain 71 temporal-holdout
and 29 held-out-user examples. The external set

Author-audit stratum Items Ties Agree κ

Adversarial real–generated 100 29.0% .42 .12
Clear model pairs 10 0.0% .90 .80
Unanimous model pairs 12 8.3% .58 .28
Contested model pairs 42 21.4% .55 .30
Pool selected real 30 5.0% .60 .27
Pool split on real 6 0.0% .67 .33

Table 9: Inter-annotator agreement for the 200 com-
parisons rated by both authors. “Pool” denotes the six-
judge pool used only to construct sampling strata. Ties
are percentages of individual votes; agreement and Co-
hen’s κ treat ratings as A, B, or tie.

contains 10 contested model pairs, 4 model pairs
selected unanimously by the sampling pool, 3 clear
model pairs, and 13 real–generated pairs: 4 where
the pool selected the real reply, 4 where it split, and
5 adversarial generated wins. These strata com-
pare difficulty levels; they do not estimate their
frequency in the full tournament.

Blinding and question. Every rater saw four
fields in order: “User History” (past posts and
replies), “Thread / Stimulus,” “Response A,” and
“Response B.” Candidate order was randomized;
system identities, judge decisions, and the real re-
ply were hidden.

Instructions shown to raters. The authors and
raters were asked, “Which response is the more
believable reply from THIS specific user in THIS
thread?” The choices were “A much better,” “A
slightly better,” “Tie / unclear,” “B slightly bet-
ter,” and “B much better.” They were instructed to
judge “voice, tone, length habits, formatting quirks,
stance, and fit to the thread” and to ask “would
this user have written this?”, not “which reply is
nicer or better written?” They were told to use
ties only when they genuinely could not decide, to
work alone, and not to share the displayed text.

Author agreement follows difficulty. Across
the five stratified categories (100 comparisons),
exact three-way agreement is .61 and Cohen’s
κ = .35. After adding the adversarial cases,
agreement across all 200 comparisons is .515 and
κ = .24. On the 141 comparisons where both au-
thors choose a side, directional agreement is .574.
These aggregates hide the intended difficulty gra-
dient in Table 9: agreement is .90 (κ = .80) on
clear pairs, .55–.67 (κ = .27–.33) on the four in-
termediate strata, and .42 (κ = .12) on adversarial
real–generated cases. The tie rate likewise rises
from 11.5% across the five stratified categories to
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Adversarial ratings Generated Real Tie

Authors, all cases (n = 200 votes) 41.5% 29.5% 29.0%
External, shared cases (n = 30 votes) 46.7% 43.3% 10.0%
All raters, shared cases (n = 40 votes) 42.5% 42.5% 15.0%

Table 10: Choices on cases selected because Qwen3.5-
122B-A10 preferred a generated reply to the real reply.
The first row covers all 100 such author-audit compar-
isons. The last two rows cover the five cases rated by all
eight raters. Percentages include ties.

29.0% on the adversarial cases.
Cohen’s κ treats a tie from one author and a di-

rectional choice from the other as disagreement. If
such cases are treated as abstentions and removed,
κ rises from .12 to .32 on the adversarial slice and
from .35 to .44 across the five stratified categories.
We retain all comparisons in the primary results.
Under either treatment, low agreement is concen-
trated in comparisons selected to be difficult.

Ground-truth losses are ambiguous to humans.
Table 10 reports all votes rather than dropping ties.
Although every case was selected because the judge
preferred generated text, only 41.5% of author rat-
ings made the same choice; 29.5% preferred the
real reply and 29.0% could not distinguish them.
On the original five-point scale, 16.5% rated the
generated reply much better and 25.0% slightly
better; 20.5% rated the real reply slightly better
and only 9.0% much better. Thus, only 9.0% of
votes strongly reverse the judge. Among decisive
author votes, generated replies receive 58.5%, but
that conditional percentage omits nearly one-third
of the evidence.

The external ratings show the same uncertainty.
On their five adversarial cases, generated and real
replies receive 46.7% and 43.3% of votes, respec-
tively, and the external majority selects the real
reply on only one of five comparisons. Pooling all
eight raters on these five cases produces an exact
42.5%–42.5% split, with 15.0% ties. Thus, ground-
truth losses are neither straightforward judge fail-
ures nor clear human endorsements of generated
text.

External raters. Across all 13 real–generated
comparisons in the external audit, raters select the
real reply in 42/78 votes (53.8%), the generated re-
ply in 30/78 (38.5%), and tie in 6/78 (7.7%). This
is only 58.3% real among decisive votes, showing
that identifying the observed reply remains difficult
even when items are not restricted to adversarial
judge decisions. Across the full 30 comparisons,

the external tie rate is 10.0%; mean pairwise three-
way agreement is .50, mean pairwise κ = .15, and
Fleiss’ κ = .14. Nevertheless, 22/30 comparisons
have a majority margin of at least two votes. The
low pairwise agreement reflects variation in indi-
vidual choices and does not imply that every item
lacks a stable majority.

The external audit also checks whether using
authors changed the result. On the shared compar-
isons, each author’s leave-one-out agreement with
the other raters’ majority is .62 and .67. The cor-
responding range among external raters is .52–.64;
mean author–external κ is .19, compared with .15
among external pairs. We therefore find no evi-
dence that the author ratings systematically depart
from the non-author ratings. The shared sample is
small, so this is a validation of the reported patterns
rather than a population estimate.

Human and judge agreement. For the three
judges used in the paper’s main ELO aggregate, in-
dividual decisions across both rater pools match the
judge majority in 275/481 decisive ratings (57.2%),
close to the authors’ 57.4% directional agreement
when both choose a side. Agreement is 173/263
(65.8%) when all three judges select the same
candidate and 102/218 (46.8%) when they split.
Among comparisons with a decisive pooled hu-
man majority, that majority matches the judges on
55/68 unanimous cases (80.9%) and 30/55 split
cases (54.5%). Human preference also responds to
the size of the judge-ELO difference. Across 198
decisive model–model ratings from the two authors
and six external raters, humans select the higher-
ELO system in 42/94 ratings (45%) when the gap is
below 150 points, 44/73 (60%) at 150–300 points,
and 21/31 (68%) above 300 points. Judge una-
nimity and ELO distance therefore provide useful
confidence signals, but neither determines the hu-
man answer.

Illustrative audit cases. Table 11 shows two ad-
versarial cases where a strong judge preferred a
machine reply to the user’s observed reply. In both,
the judge rewards fluency and completeness while
penalizing terse or fragmentary human writing.

J Qualitative Analysis of the 27B Reversal

We inspected the 44 Qwen3.5-27B base-versus-
QLoRA comparisons and their GPT-5.4 judge ratio-
nales. GPT-5.4 was used through the OpenAI API
(OpenAI, 2026). The base wins 27 comparisons
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Thread Observed user reply Preferred machine reply Condensed judge rationale

Canadian and
US healthcare

Mentions Saskatchewan
health insurance as inspira-
tion for Canada’s system, but
the sentence trails off.

Credits Tommy Douglas and ad-
vocates for universal coverage
while contrasting Canadian and
US healthcare.

The machine reply is grammatical
and extends the comparison, while
the observed reply is incomplete.

Ownership of
the Canadian
press

States briefly that American
entities own most of the Cana-
dian press.

Argues that mainstream coverage
leans centre-right and emphasizes
caution and verification.

The machine reply gives a nuanced
opinion consistent with the user’s
stated habits, while the observed
reply makes a questionable owner-
ship claim without explanation.

Table 11: Two adversarial audit cases where a strong judge preferred a machine reply over the observed user reply.
The judge favored fluent, complete text over terse or fragmentary human writing. Reply texts are paraphrased and
rationales condensed to reduce deanonymization risk.

and QLoRA wins 17. The rationales are post-hoc
explanations, so the counts below are descriptive
and do not establish causes.

When QLoRA loses, rationales most often cite
unsupported specifics or implausible claims (7
cases), fragments or awkward coherence (5), off-
thread drift (5), and overly generic or polished text
(4). When the base loses, generic, polished, or over-
long advocacy is the most common negative theme
(5 cases). Style-match language praising the win-
ner appears on both sides. The pattern clarifies the
27B metric reversal: QLoRA often reproduces the
user’s terse register, but it also adopts risky habits
such as unhedged details and loose thread logic.
This makes the outputs harder for the text classi-
fier to distinguish from real replies while reducing
contextual-believability scores.

K Full Fine-Tuning vs. QLoRA

We compare epoch-10 QLoRA with epoch-10
full fine-tuning for two smaller models to test
whether updating all parameters improves the user-
simulation objective beyond parameter-efficient
adaptation.

For OLMo3-7B, full fine-tuning and QLoRA
produce nearly identical results: believability is
3.123 vs. 3.053, semantic similarity is tied at 2.35,
and length ratios are within 0.01 of each other. The
two methods converge to a similar solution, sug-
gesting that the LoRA rank-32 bottleneck does not
limit adaptation for this model.

For Qwen3-4B, full fine-tuning is also close to
QLoRA: believability decreases by 0.008 (3.398
vs. 3.406), style is 2.611 vs. 2.582, and the length
ratio is 1.251 vs. 1.253.

For these models, updating all parameters pro-
vides little benefit over QLoRA at the matched

checkpoint.
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Thread Base reply QLoRA reply GPT-5.4 decision

Security clear-
ance

Gives coherent but generic ad-
vocacy about trust and foreign
influence, ending with hash-
tags.

Copies the user’s terse ques-
tions and unusual spacing be-
fore punctuation, but claims
that refusing clearance is ille-
gal.

Base wins because the QLoRA re-
ply introduces an implausible le-
gal claim.

NDP leadership Gives a long, hedged discus-
sion of centrist versus ideolog-
ical leadership.

Names a specific candidate
and confidently supplies un-
supported biographical details.

Base wins because the specific
candidate and details are less
grounded in the user’s history.

Voting and eco-
nomic policy

Gives a long anti-neoliberal ar-
gument using several recycled
phrases.

States the same position in
two terse paragraphs that bet-
ter match the user’s cadence.

QLoRA wins because the base re-
ply is overly long and less consis-
tent with the user’s concise style.

Table 12: Representative Qwen3.5-27B base–QLoRA comparisons. Replies and rationales are paraphrased to
reduce deanonymization risk.

Model Condition Bel. Sem. Style Cos. Len.

Qwen3-4B Base 3.416 2.721 2.456 0.803 1.672
Qwen3-4B QLoRA epoch 10 3.406 2.428 2.582 0.812 1.253
Qwen3-4B Full FT epoch 10 3.398 2.359 2.611 0.810 1.251

OLMo3-7B Base 2.710 2.239 2.141 0.762 1.002
OLMo3-7B QLoRA epoch 10 3.053 2.352 2.440 0.802 1.246
OLMo3-7B Full FT epoch 10 3.123 2.351 2.402 0.801 1.255

Table 13: Epoch-10 full fine-tuning compared with the matched base model and epoch-10 QLoRA adapter at
evaluation context 2048. Sem. is the average of content and stance similarity. Len. is the predicted-to-gold length
ratio (1.0 is ideal).
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L Main Metric Uncertainty and Splits

The scalar intervals and cohort splits qualify the ag-
gregate comparisons. The direction of the QLoRA
believability effect agrees between future replies
from seen users and replies from held-out users for
11 of 12 matched systems. Gemma4-31B is the
sole exception, with near-zero changes in opposite
directions (−0.023 and +0.032). The capacity-
dependent result is therefore not driven by either
evaluation cohort alone.
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Model Variant Bel. 95% CI Sem. 95% CI Style 95% CI ELO range

Qwen3.5-0.8B Base 1.854 [1.778, 1.930] 1.601 [1.551, 1.651] 1.556 [1.504, 1.607] 1153 [1084, 1206]
Qwen3.5-0.8B LoRA 2.122 [2.048, 2.196] 2.008 [1.948, 2.068] 2.123 [2.058, 2.188] 1265 [1232, 1314]
Qwen3.5-2B Base 1.992 [1.917, 2.067] 1.732 [1.680, 1.784] 1.650 [1.598, 1.703] 1090 [1058, 1130]
Qwen3.5-2B LoRA 2.780 [2.696, 2.863] 2.175 [2.114, 2.236] 2.357 [2.294, 2.421] 1403 [1375, 1437]
Qwen3.5-4B Base 2.820 [2.733, 2.908] 2.123 [2.062, 2.184] 2.103 [2.040, 2.166] 1366 [1325, 1446]
Qwen3.5-4B LoRA 3.213 [3.127, 3.300] 2.411 [2.347, 2.475] 2.481 [2.414, 2.548] 1515 [1459, 1571]
Qwen3.5-9B Base 3.730 [3.645, 3.815] 2.578 [2.515, 2.640] 2.475 [2.411, 2.539] 1562 [1487, 1624]
Qwen3.5-9B LoRA 3.698 [3.614, 3.782] 2.484 [2.419, 2.548] 2.613 [2.548, 2.678] 1527 [1511, 1538]
Qwen3.5-27B Base 4.737 [4.691, 4.784] 2.949 [2.888, 3.011] 2.708 [2.642, 2.775] 1764 [1727, 1821]
Qwen3.5-27B LoRA 4.046 [3.970, 4.123] 2.602 [2.537, 2.667] 2.657 [2.590, 2.723] 1626 [1603, 1656]
Qwen3.5-122B-A10 Base 4.619 [4.566, 4.672] 2.877 [2.816, 2.938] 2.643 [2.580, 2.707] 1783 [1723, 1848]
Qwen3-4B Base 3.416 [3.324, 3.508] 2.721 [2.657, 2.785] 2.456 [2.390, 2.522] 1492 [1473, 1514]
Qwen3-4B LoRA 3.406 [3.321, 3.492] 2.428 [2.365, 2.491] 2.582 [2.517, 2.648] 1534 [1452, 1584]
Gemma4-E2B Base 2.652 [2.555, 2.750] 2.214 [2.149, 2.278] 2.101 [2.035, 2.168] 1323 [1273, 1362]
Gemma4-E2B LoRA 1.990 [1.907, 2.073] 1.789 [1.731, 1.847] 1.528 [1.472, 1.585] 1105 [1082, 1119]
Gemma4-E4B Base 3.889 [3.803, 3.974] 2.498 [2.435, 2.561] 2.365 [2.298, 2.432] 1452 [1427, 1498]
Gemma4-E4B LoRA 3.922 [3.839, 4.006] 2.559 [2.497, 2.621] 2.427 [2.363, 2.492] 1552 [1544, 1560]
Gemma4-31B Base 4.894 [4.864, 4.925] 2.979 [2.917, 3.041] 2.848 [2.784, 2.912] 1825 [1794, 1861]
Gemma4-31B LoRA 4.890 [4.860, 4.921] 2.987 [2.925, 3.048] 2.623 [2.561, 2.685] 1867 [1834, 1898]
OLMo3-7B Base 2.710 [2.629, 2.791] 2.239 [2.187, 2.290] 2.141 [2.089, 2.193] 1298 [1268, 1336]
OLMo3-7B LoRA 3.053 [2.965, 3.140] 2.352 [2.289, 2.415] 2.440 [2.374, 2.505] 1454 [1363, 1561]
OLMo3.1-32B Base 4.236 [4.166, 4.306] 2.700 [2.644, 2.756] 2.509 [2.451, 2.568] 1644 [1530, 1717]
OLMo3.1-32B LoRA 4.159 [4.084, 4.234] 2.582 [2.514, 2.649] 2.648 [2.581, 2.715] 1628 [1566, 1684]
Llama3.1-8B Base 3.447 [3.359, 3.535] 2.234 [2.176, 2.293] 2.087 [2.029, 2.145] 1503 [1467, 1566]
Llama3.1-8B LoRA 3.744 [3.663, 3.825] 2.467 [2.401, 2.532] 2.626 [2.559, 2.693] 1588 [1514, 1635]

Table 14: 95% confidence intervals for main scalar metrics and strong-judge ELO ranges. Scalar intervals use
normal mean intervals over test examples; ELO ranges are the minimum and maximum ELO assigned by the three
strong pairwise judges.

Model Variant Content Stance Style Bel. Cos. Len. Lev. Jacc.

Qwen3.5-0.8B Base 1.425 1.777 1.556 1.854 0.665 0.956 0.102 0.065
Qwen3.5-0.8B LoRA 1.781 2.236 2.123 2.122 0.795 1.246 0.164 0.127
Qwen3.5-2B Base 1.495 1.969 1.650 1.992 0.705 0.835 0.114 0.074
Qwen3.5-2B LoRA 1.906 2.444 2.357 2.780 0.800 1.134 0.170 0.131
Qwen3.5-4B Base 1.810 2.436 2.103 2.820 0.755 1.146 0.143 0.107
Qwen3.5-4B LoRA 2.101 2.721 2.481 3.213 0.804 1.174 0.181 0.147
Qwen3.5-9B Base 2.167 2.988 2.475 3.730 0.795 1.542 0.151 0.126
Qwen3.5-9B LoRA 2.123 2.844 2.613 3.698 0.808 1.174 0.176 0.144
Qwen3.5-27B Base 2.475 3.424 2.708 4.737 0.806 1.476 0.165 0.145
Qwen3.5-27B LoRA 2.232 2.972 2.657 4.046 0.817 1.233 0.185 0.153
Qwen3.5-122B-A10 Base 2.419 3.334 2.643 4.619 0.808 1.509 0.153 0.133
Qwen3-4B Base 2.289 3.153 2.456 3.416 0.803 1.672 0.157 0.139
Qwen3-4B LoRA 2.118 2.737 2.582 3.406 0.812 1.253 0.174 0.142
Gemma4-E2B Base 1.868 2.559 2.101 2.652 0.726 0.818 0.146 0.108
Gemma4-E2B LoRA 1.544 2.034 1.528 1.990 0.699 3.122 0.110 0.098
Gemma4-E4B Base 2.051 2.945 2.365 3.889 0.737 0.699 0.159 0.114
Gemma4-E4B LoRA 2.111 3.006 2.427 3.922 0.774 1.046 0.158 0.117
Gemma4-31B Base 2.444 3.513 2.848 4.894 0.804 0.994 0.179 0.141
Gemma4-31B LoRA 2.478 3.495 2.623 4.890 0.809 1.420 0.159 0.134
OLMo3-7B Base 1.816 2.661 2.141 2.710 0.762 1.002 0.109 0.069
OLMo3-7B LoRA 2.034 2.671 2.440 3.053 0.802 1.246 0.169 0.136
OLMo3.1-32B Base 2.184 3.216 2.509 4.236 0.789 1.196 0.122 0.090
OLMo3.1-32B LoRA 2.246 2.917 2.648 4.159 0.809 1.143 0.186 0.151
Llama3.1-8B Base 1.850 2.618 2.087 3.447 0.736 0.801 0.130 0.088
Llama3.1-8B LoRA 2.132 2.802 2.626 3.744 0.803 1.055 0.182 0.144

Table 15: Full scalar and non-LLM metric table for the main 2,048-token comparison.
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Model Variant Cohort n Bel. Sem. Style

Qwen3.5-0.8B Base temporal 834 1.770 1.671 1.608
Qwen3.5-0.8B Base holdout_test 433 2.016 1.476 1.462
Qwen3.5-0.8B LoRA temporal 838 2.158 2.097 2.180
Qwen3.5-0.8B LoRA holdout_test 438 2.055 1.839 2.014
Qwen3.5-2B Base temporal 838 1.967 1.789 1.700
Qwen3.5-2B Base holdout_test 437 2.041 1.624 1.556
Qwen3.5-2B LoRA temporal 837 2.853 2.278 2.431
Qwen3.5-2B LoRA holdout_test 438 2.639 1.977 2.212
Qwen3.5-4B Base temporal 837 2.851 2.239 2.204
Qwen3.5-4B Base holdout_test 438 2.763 1.904 1.911
Qwen3.5-4B LoRA temporal 838 3.309 2.531 2.593
Qwen3.5-4B LoRA holdout_test 438 3.030 2.182 2.267
Qwen3.5-9B Base temporal 837 3.828 2.676 2.538
Qwen3.5-9B Base holdout_test 438 3.543 2.390 2.356
Qwen3.5-9B LoRA temporal 838 3.780 2.563 2.697
Qwen3.5-9B LoRA holdout_test 438 3.541 2.332 2.452
Qwen3.5-27B Base temporal 838 4.748 3.053 2.786
Qwen3.5-27B Base holdout_test 438 4.717 2.752 2.559
Qwen3.5-27B LoRA temporal 838 4.126 2.684 2.757
Qwen3.5-27B LoRA holdout_test 438 3.893 2.444 2.466
Qwen3.5-122B-A10 Base temporal 838 4.612 2.936 2.702
Qwen3.5-122B-A10 Base holdout_test 438 4.632 2.764 2.532
Qwen3-4B Base temporal 838 3.456 2.837 2.568
Qwen3-4B Base holdout_test 438 3.340 2.500 2.242
Qwen3-4B LoRA temporal 838 3.446 2.511 2.647
Qwen3-4B LoRA holdout_test 437 3.330 2.270 2.460
Gemma4-E2B Base temporal 833 2.562 2.274 2.173
Gemma4-E2B Base holdout_test 436 2.826 2.102 1.963
Gemma4-E2B LoRA temporal 836 1.914 1.807 1.504
Gemma4-E2B LoRA holdout_test 437 2.135 1.745 1.561
Gemma4-E4B Base temporal 837 3.964 2.585 2.477
Gemma4-E4B Base holdout_test 437 3.744 2.339 2.158
Gemma4-E4B LoRA temporal 838 3.970 2.634 2.498
Gemma4-E4B LoRA holdout_test 438 3.831 2.416 2.292
Gemma4-31B Base temporal 838 4.894 3.048 2.905
Gemma4-31B Base holdout_test 438 4.895 2.846 2.740
Gemma4-31B LoRA temporal 838 4.871 3.061 2.669
Gemma4-31B LoRA holdout_test 437 4.927 2.849 2.535
OLMo3-7B Base temporal 837 2.760 2.302 2.190
OLMo3-7B Base holdout_test 437 2.616 2.116 2.046
OLMo3-7B LoRA temporal 837 3.111 2.432 2.532
OLMo3-7B LoRA holdout_test 436 2.940 2.200 2.264
OLMo3.1-32B Base temporal 837 4.275 2.762 2.559
OLMo3.1-32B Base holdout_test 438 4.162 2.586 2.418
OLMo3.1-32B LoRA temporal 838 4.165 2.675 2.728
OLMo3.1-32B LoRA holdout_test 438 4.148 2.402 2.495
Llama3.1-8B Base temporal 837 3.435 2.314 2.157
Llama3.1-8B Base holdout_test 438 3.470 2.086 1.957
Llama3.1-8B LoRA temporal 837 3.763 2.590 2.735
Llama3.1-8B LoRA holdout_test 438 3.708 2.228 2.420

Table 16: Split breakdown for the main scalar metrics. Temporal examples are future replies from users seen in
training; holdout examples are replies from held-out users.
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M Evaluation Context Length

For Qwen3.5-27B, Gemma4-31B, and OLMo3.1-
32B, increasing the evaluation history from 512 to
2048 tokens improves believability for both base-
lines and LoRA adapters. Gains from 2048 to
6144 are smaller and model-specific. Gemma4-
31B continues to improve across most scalar met-
rics, Qwen3.5-27B mostly saturates on semantic
similarity while still gaining believability and style,
and OLMo3.1-32B gains believability but shows
some length-ratio drift for the base model. Ad-
ditional user history is most useful when moving
from short to moderate context; returns diminish
once the prompt contains enough behavioral evi-
dence.
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Model Variant Eval ctx Bel. Sem. Style Cos. Len.

Qwen3.5-27B Base 512 4.424 2.758 2.556 0.803 1.402
Qwen3.5-27B Base 2048 4.737 2.949 2.708 0.806 1.476
Qwen3.5-27B Base 6144 4.799 2.946 2.727 0.809 1.484
Qwen3.5-27B LoRA 512 3.888 2.515 2.574 0.808 1.176
Qwen3.5-27B LoRA 2048 4.046 2.602 2.657 0.817 1.233
Qwen3.5-27B LoRA 6144 4.143 2.623 2.687 0.818 1.200
Gemma4-31B Base 512 4.813 2.887 2.729 0.790 0.919
Gemma4-31B Base 2048 4.894 2.979 2.848 0.804 0.994
Gemma4-31B Base 6144 4.933 3.027 2.908 0.803 1.018
Gemma4-31B LoRA 512 4.745 2.859 2.506 0.800 1.329
Gemma4-31B LoRA 2048 4.890 2.987 2.623 0.809 1.420
Gemma4-31B LoRA 6144 4.923 3.048 2.653 0.812 1.462
OLMo3.1-32B Base 512 4.118 2.530 2.397 0.788 1.081
OLMo3.1-32B Base 2048 4.236 2.700 2.509 0.789 1.196
OLMo3.1-32B Base 6144 4.274 2.726 2.484 0.789 1.330
OLMo3.1-32B LoRA 512 3.937 2.516 2.563 0.800 1.217
OLMo3.1-32B LoRA 2048 4.159 2.582 2.648 0.809 1.143
OLMo3.1-32B LoRA 6144 4.235 2.628 2.653 0.811 1.171

Table 17: Effect of evaluation history length for the largest QLoRA-trained models with complete cross-context
evaluations. The longest condition uses a 6,000-token history limit and is labeled 6,144 to match the nominal bucket.
Sem. is the average of content and stance similarity.

51230



N Training Context and Duration
Robustness

We report results across 30 experimental condi-
tions: 3 baselines (one per eval context) and 27
fine-tuned conditions (3 training contexts × 3 eval
contexts × 3 epochs). Each condition is evaluated
on all test examples.

N.1 Main Results
Table 18 presents all 30 conditions.

N.2 Effect of Evaluation Context Length
Evaluation context length has the clearest effect
in this sweep. For the baseline, moving from 512
to 6,144 tokens increases believability from 3.14
to 3.53 and semantic similarity from 2.58 to 2.75.
The model trained on 6,144-token histories for 15
epochs shows the same direction: believability rises
from 3.19 with 512 evaluation tokens to 3.67 with
6,144, and semantic similarity rises from 2.32 to
2.48. Richer evaluation history therefore usually
helps, especially when moving from short to mod-
erate context.

N.3 Effect of Training Context Length
Training on longer histories has smaller and less
monotonic effects than evaluating with longer his-
tories. At epoch 15 with 6,144 evaluation tokens,
cosine similarity changes only from 0.809 after
training on 512-token histories to 0.813 after train-
ing on 6,144-token histories. Style changes from
2.56 to 2.62, while believability is essentially tied
at 3.70 and 3.67. In this setting, longer training con-
text helps some reference-similarity metrics, but it
does not substitute for providing more user history
at inference time.

N.4 Effect of Training Duration
Longer training generally improves the model
trained and evaluated with 6,144-token histories,
but the gains are modest. From epoch 5 to 15, co-
sine similarity moves from 0.809 to 0.813, content
similarity from 2.09 to 2.17, and believability from
3.40 to 3.67. These later checkpoints preserve the
cross-model result: training duration and context
length matter, but model family and scale remain
central determinants of performance.
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Train Ctx Eval Ctx Epoch Cosine↑ Content↑ Stance↑ Style↑ Believ.↑ Len R. Lev.↑ Jacc.↑
Baseline (untrained Qwen3-4B-Instruct)

– 512 – 0.798 2.20 2.95 2.41 3.14 1.44 0.155 0.132
– 2048 – 0.803 2.30 3.14 2.46 3.43 1.67 0.157 0.139
– 6144 – 0.805 2.31 3.19 2.47 3.53 1.73 0.160 0.142

Fine-tuned (LoRA, ctx512 training)

512 512 5 0.801 1.97 2.57 2.39 3.07 1.21 0.160 0.129
512 2048 5 0.804 2.07 2.71 2.51 3.48 1.20 0.169 0.136
512 6144 5 0.805 2.06 2.68 2.50 3.49 1.19 0.180 0.147
512 512 10 0.804 2.04 2.65 2.46 3.18 1.18 0.169 0.138
512 2048 10 0.809 2.08 2.75 2.57 3.47 1.18 0.175 0.139
512 6144 10 0.809 2.14 2.78 2.54 3.64 1.18 0.186 0.152
512 512 15 0.802 2.03 2.65 2.49 3.25 1.19 0.171 0.135
512 2048 15 0.807 2.08 2.74 2.54 3.56 1.18 0.174 0.140
512 6144 15 0.809 2.14 2.81 2.56 3.70 1.20 0.186 0.153

Fine-tuned (LoRA, ctx2048 training)

2048 512 5 0.801 1.97 2.56 2.45 3.06 1.23 0.159 0.128
2048 2048 5 0.809 2.04 2.68 2.53 3.36 1.25 0.165 0.134
2048 6144 5 0.811 2.12 2.74 2.56 3.49 1.24 0.181 0.151
2048 512 10 0.800 1.99 2.60 2.48 3.23 1.17 0.160 0.127
2048 2048 10 0.812 2.12 2.74 2.58 3.41 1.25 0.174 0.142
2048 6144 10 0.811 2.14 2.77 2.56 3.50 1.24 0.182 0.153
2048 512 15 0.800 2.01 2.60 2.43 3.22 1.16 0.164 0.130
2048 2048 15 0.807 2.09 2.75 2.56 3.49 1.19 0.175 0.142
2048 6144 15 0.811 2.11 2.73 2.58 3.62 1.18 0.187 0.153

Fine-tuned (LoRA, ctx6144 training)

6144 512 5 0.799 1.95 2.52 2.38 3.08 1.27 0.158 0.126
6144 2048 5 0.807 2.05 2.68 2.50 3.36 1.29 0.171 0.139
6144 6144 5 0.809 2.09 2.70 2.52 3.40 1.26 0.183 0.149
6144 512 10 0.800 2.00 2.59 2.46 3.27 1.17 0.165 0.131
6144 2048 10 0.808 2.09 2.75 2.59 3.55 1.17 0.176 0.142
6144 6144 10 0.812 2.13 2.76 2.62 3.61 1.18 0.188 0.155
6144 512 15 0.798 2.02 2.62 2.44 3.19 1.20 0.165 0.130
6144 2048 15 0.810 2.09 2.73 2.57 3.56 1.16 0.178 0.144
6144 6144 15 0.813 2.17 2.80 2.62 3.67 1.20 0.191 0.157

Table 18: Full results across all conditions. Bold marks the best fine-tuned result per metric. Baselines receive the
same history in-context without parameter updates. LLM judge scores are on a 1–5 scale (higher is better). Len R.
= length ratio of predicted to gold reply (1.0 is ideal).
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