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Abstract

Aligned LLMs systematically fail at morally
complex role-playing: villains collapse into
prosocial defaults due to a structural safety
and fidelity tension. We present MoralSteer, a
theory-guided on-policy self-distillation frame-
work that improves morally complex role-play
fidelity while preserving the safety behavior of
aligned base models. MoralSteer treats Moral
Foundations Theory (MFT) reasoning chains as
privileged information for a frozen teacher, in-
troduces a moral-complexity-adaptive KL inter-
polation a(c)=0(M (c)—7) to prevent proso-
cial collapse, and couples this with M(c)-
adaptive trajectory mixing to mitigate rollout
degeneration. Across four base models, Moral-
Steer improves Moral RolePlay L.3+L.4 scores
by +5.8 ~ +9.9%; across five safety bench-
marks, the observed rate differences remain
within +1pp of the aligned bases. We find that
villain failure concentrates in Care/Fairness
foundations (67% of the L4 gap) and that
aligned models perform trait substitution rather
than deletion. Our code is available at https:
//github.com/Sii-yuning/MoralSteer.

1 Introduction

Role-playing is a core LLM capability underlying
interactive fiction, character chatbots, and simu-
lated social agents (Zhou et al., 2024b; Pan et al.,
2023). High-quality narrative and high-validity so-
cial simulation demand moral complexity: stories
need villains and antiheroes; simulations of con-
flict, deception, and power need agents that can
plausibly defect, manipulate, and harm. A uniform
prosocial default removes the behavioral variation
required to model these settings faithfully.

A growing body of evidence shows that aligned
LLMs fail systematically on this axis. The Moral
RolePlay benchmark (Yi et al., 2025) stratifies char-
acters into four moral levels (Paragons — Villains)
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and reports a monotonic fidelity drop from Level 1
to Level 4; chain-of-thought prompting (Wei et al.,
2022) worsens villain portrayal, plausibly because
explicit reasoning reinforces the model’s prosocial
defaults. TRAIT (Lee et al., 2025) confirms that
alignment tuning suppresses Dark Triad expression
across model families (Qwen3, LLaMA-3, Phi-4).

We argue this reflects a structural safety and
fidelity tension: aligned models flatten morally
negative traits to remain safe, while naive fine-
tuning restores fidelity at the cost of safety (Zhao
et al., 2025). Existing approaches often expose this
trade-off: aligned models are safe but flatten vil-
lains; general role-play SFT such as CoSER (Wang
et al., 2025¢) improves fidelity without explicitly
preserving safety; and naive fine-tuning on moral-
complex data improves L.3/L4 fidelity but degrades
safety. We ask whether morally complex fidelity
can be improved while preserving the safety be-
havior of the aligned base. Our analysis localizes
the failure in the Care and Fairness foundations of
Moral Foundations Theory (MFT) (Graham et al.,
2013), dimensions closely tied to the prosocial pref-
erences reinforced during alignment (Ouyang et al.,
2022). Moreover, aligned models do not delete
dark traits but perform trait substitution, replacing
high-order negative behaviors (manipulation, de-
ceit, calculated cruelty) with shallow aggression or
mild near-synonymes.

We propose MoralSteer, a theory-guided on-
policy self-distillation framework with four ideas:
(1) MFT reasoning chains as privileged information
available only to a frozen teacher, while the stu-
dent trains on its own rollouts under non-privileged
input; (2) a moral-complexity-adaptive KL inter-
polation a(c)=c(M (c)—7) preventing prosocial
collapse on dark roles and over-darkening on bright
roles; (3) M (c)-adaptive trajectory mixing (Agar-
wal et al., 2024) that mitigates rollout degenera-
tion on safety-aligned bases; and (4) M (c¢)-graded
curriculum with enhanced warmup (Wang et al.,
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2025¢; Li et al., 2026). M (c) serves as a unified
signal governing KL direction, trajectory source,
and curriculum stage.

Our contributions can be summarized as follows:

* We identify morally complex role-playing as
a safety and fidelity tension: aligned mod-
els often preserve safety by flattening villains,
while direct fine-tuning restores darker char-
acter traits but weakens safety behavior.

* We introduce MoralSteer, an on-policy distil-
lation method that uses MFT reasoning only
as training-time privileged information. A sin-
gle moral-complexity signal M (c) controls
the KL direction, trajectory source, and cur-
riculum stage, allowing the student to learn
in-character moral expression without seeing
the MFT chain at inference time.

* We evaluate MoralSteer on role-play fidelity,
personality separation, and safety. It improves
L3/L4 fidelity by +5.8 ~ 4+9.9% across four
base models, shows safety-rate differences
within £ 1pp of the aligned bases on five safety
benchmarks, and reveals two recurring failure
patterns: Care/Fairness suppression and trait
substitution.

2 Related Work

Role-playing LLLMs and benchmarks. Role-
playing research has moved from prompt-based
persona induction (Wang et al., 2024a; Zhou et al.,
2024a; Shao et al., 2023) to data-driven mod-
els (Wang et al., 2025¢,b) and dedicated bench-
marks (Wang et al., 2024b; Zhou et al., 2025a;
El Boudouri et al., 2025; Yu et al., 2025), but it
optimizes general fidelity without isolating moral
complexity. Moral RolePlay (Yi et al., 2025) is
the first to stratify evaluation by character morality
level (L1 to L4), revealing the monotonic fidelity
drop that motivates our work; TRAIT (Lee et al.,
2025) gives personality-level evidence that align-
ment tuning suppresses dark-trait expression; and
RPEval (El Boudouri et al., 2025) scores role-play
along several dimensions including moral align-
ment, serving as our OOD test bed.

Safety in role-playing. RoleBreak (Tang et al.,
2025) measures whether role-playing scaffolds by-
pass safety policies, and SaRFT (Zhao et al., 2025)
shows that role-play fine-tuning can erode safety,

directly motivating our framing. MoralSteer tar-
gets the complementary setting: improving dark-
role fidelity while preserving aligned-base safety
behavior. Extended discussion, including on-policy
distillation, appears in Appendix H.

3 Method

MoralSteer combines four ingredients: (i) MFT
reasoning chains as privileged information avail-
able only to a frozen teacher; (ii) on-policy self-
distillation under non-privileged inputs to the stu-
dent; (iii) a moral-complexity-adaptive KL inter-
polation; and (iv) M (c)-adaptive trajectory mixing
with curriculum learning to handle rollout degener-
ation on safety-aligned bases. Figure 1 provides an
overview.

3.1 Preliminaries

Let ¢ denote a character with profile prof(c), scene
s, and a six-dimensional MFT vector (Graham
etal.,2013) u(c) € RO derived from the character’s
trait annotations via a curated trait—MFT mapping.
From p(c) we compute the moral complexity

6
1 rosocia
M(e) = 2 3 |ile) = ™), )
=1

where pPos°¢ial j5 the empirical mean of the L1
(Paragon) characters in Moral RolePlay (Yi et al.,
2025). M (c) is small for L1 characters and grows
monotonically to L4 villains, providing a readily
computed, semantically grounded difficulty signal
that we reuse in three orthogonal control axes. The
mapping can also be induced automatically from
the character profile, at Pearson 0.896 agreement
with the curated M (c) (Appendix C).

3.2 MFT Reasoning as Privileged Information

For each character we generate an MFT reasoning
chain r(c) that explains, in natural language, how
the character’s MFT vector translates into context-
conditional behavior (e.g. “Because c scores low on
Care, the character is expected to display indiffer-
ence when others suffer, and may exploit suffering
as leverage in this scene”). GPT-5.5 generates one
chain per character under a fixed template: one
clause per foundation, a dominant-deviations sum-
mary, and 3-5 behavioral-guidance bullets, condi-
tioned on the profile, trait annotations, and curated
vector. The generator is distinct from the frozen
teacher policy my. Chains are validated by three
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Figure 1: Overview of the MoralSteer framework. A single moral-complexity signal M (c¢) derived from MFT
vectors controls three orthogonal training axes: KL interpolation direction, trajectory mixing source, and curriculum

stage.

annotators against the trait—MFT mapping; gener-
ation and audit details appear in Appendix B.

We instantiate two policies from the same SFT-
warmup checkpoint:

* Student 7y(- | zg), trainable, where g =
[prof(c); s] is the only input available at in-
ference time.

* Teacher 7y(- | zr), frozen, where xp
[prof(c); r(c); s| is the privileged training-
time input.

The privileged chain specifies the character’s moral
profile within the fictional context. Section 4.3
evaluates whether this supervision preserves real-
world safety behavior.

3.3 On-Policy Self-Distillation with Adaptive
KL

For each training example, the student samples
g ~ mg(- | xg). Along g, we compute per-token
distributions p%, and pf. and define reverse/forward
KL:

LR = 32, p(v) [log ps(v) — log p(v)], ()
L7 =32, pip(v) [log plr(v) — log pls(v)]. (3)

EOPD (Jin et al., 2026) shows reverse KL suffers
mode collapse under high teacher entropy. We hy-
pothesize that morally complex characters induce
higher teacher entropy (more plausible utterances
for a villain in a fraught scene). Since M (c) is a

cheap proxy for teacher entropy, we interpolate:

= (1=a(e) L5 + a(e) £4*,
a(c) =a(M(c)-1).
Higher M (c) increases the forward-KL weight to
improve coverage and prevent prosocial collapse;
lower M (c) increases the reverse-KL weight to
preserve mode-seeking behavior and prevent over-
darkening.

“)

3.4 Rollout Degeneration and Adaptive
Mixing

On safety-aligned bases, high-M (c) samples are
especially prone to degenerate student rollouts: re-
fusals, prosocial overrides, safety disclaimers, shal-
low aggression replacing manipulation, or repeti-
tion collapse (Luo et al., 2026). We address this
with three layers: (1) Enhanced SFT warmup
on CoSER (Wang et al., 2025¢) plus ~3k teacher-
generated L3 to L4 outputs (without MFT) to re-
duce baseline refusal rates; (2) M (c)-adaptive tra-
jectory mixing following GKD (Agarwal et al.,
2024):

Me)=1=B-0(M(c)=n), O
where with probability A(c) we use the student roll-
out and otherwise fall back to a teacher trajectory
(a rollout-quality detector forces fallback on de-
generate outputs); and (3) per-token KL clipping
Li=min(L;, C) to prevent degenerate tokens from
dominating gradients (Zhao et al., 2026).
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3.5 Curriculum and Unified M (c) Signal

Training proceeds in three M (c)-graded stages:
(i) M(c)<0.3, (i) M(c)<0.6, (iii) full distribu-
tion with L4 oversampled. M (c) serves as a uni-
fied routing signal: low-M (c) characters use re-
verse KL on on-policy rollouts and train earlier;
high-M (c) characters use forward KL on partially
teacher-assisted trajectories and train later.

3.6 Training Data

We train on Moral RolePlay (Yi et al., 2025)
(23k scenes, 55k character realizations) with
CoSER (Wang et al., 2025¢) for warmup (18k char-
acters). Trait—MFT mappings are validated by
three annotators (Krippendorff’s a=0.67). We ap-
ply three-level decontamination against 800 test
characters: (1) exact and fuzzy string matching
on character names and scene descriptions (Jac-
card > 0.6); (2) book-level isolation ensuring no
training scene shares a source book with any test
character; and (3) character-level isolation remov-
ing paraphrased variants detected by embedding
similarity (cosine > 0.85). After decontamination,
~120k training examples remain.

4 Experiments

4.1 Setup

Base models. We instantiate MoralSteer on four
open-weight instruction-tuned models: Qwen3.5-
9B-Instruct and Qwen3.5-4B-Instruct (Team,
2026), LLaMA-3.2-3B-Instruct (Grattafiori et al.,
2024), and Phi-4-mini-Instruct (Abouelenin et al.,
2025). Together, they span three model families,
parameter scales from 3B to 9B, and different align-
ment and pretraining recipes.

Benchmarks. We use five evaluation families.
Moral RolePlay (Yi et al., 2025) is the primary in-
domain test, with 800 characters across 4 moral
levels and score S=5—0.5D—0.1D,.x+0.15T.
RPEval (El Boudouri et al., 2025) provides 3k
out-of-domain characters and tests whether gains
transfer beyond the Moral RolePlay distribution.
CharacterBench (Zhou et al., 2025a) measures
general role-play fidelity across 11 dimensions,
which helps check that improvements are not lim-
ited to one moral scoring rubric. TRAIT (Lee et al.,
2025) probes Big Five and Dark Triad expression
in normal and role-playing modes, which directly
tests whether dark traits are conditionally expressed
rather than globally amplified. HarmBench and

RoleBreak (Tang et al., 2025) form the main safety
pair, with the extended battery in Section 4.3 used
for benchmark-level safety comparisons. Together,
these benchmarks separate three questions that are
easily conflated: whether the model plays morally
darker characters faithfully, whether that behav-
ior transfers outside the training distribution, and
whether the same model remains safe outside the
fictional frame.

Baselines. We compare against five groups. First,
the aligned base models measure the behavior that
MoralSteer starts from. Second, GPT-5.5 (Singh
et al., 2025) and Qwen3.5-397B serve as high-
capacity references rather than trainable com-
petitors, giving a ceiling for current instruction-
following systems under our judge. Third, CoSER-
8B/70B (Wang et al., 2025c) and HER (Du
et al., 2026) represent general role-playing training
pipelines, so they test whether generic role-play
training is sufficient. Fourth, controlled same-data
comparisons isolate the source of the gain: SFT
on MFT outputs tests whether supervised expo-
sure is enough; DPO with MFT pairs tests whether
preference learning is enough; OPD without MFT
tests whether on-policy distillation alone is enough;
and Naive FT on L3 to L4 is the expected safety-
regression control. Finally, prompting baselines
test whether the effect can be recovered without
training, using vanilla, CoT, and MFT-enhanced
prompts.

4.2 Main Results on Moral RolePlay

Table 1 reports headline metrics. MoralSteer im-
proves L3+L4 by +5.8 ~ +9.9% across all four
bases. Per-level breakdown (Table 2) shows gains
concentrated at L4 (+0.42 ~ 40.63), while L1/L2
scores also improve slightly. All L3+L4 improve-
ments are statistically significant (bootstrap 95% CI
excludes zero; paired permutation test p < 0.001
on 800 test characters).

Comparison to baselines. Table 3 compares
MoralSteer with independent role-play references
and controlled same-data variants. MoralSteer ex-
ceeds CoSER-8B on L4 by +0.499 and outper-
forms each controlled variant. Naive fine-tuning on
L3/L4 data gains fidelity but loses safety, providing
the calibration point that separates fidelity gains
from safety-preserving fidelity gains.
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Model MoralRP L3+L41 CharBencht HarmBench ASR | Big5-high 1t Dark-high | Psycho-high | RPEval avg 1
gpt-5.5 5.000 3.832 0.013 0.598 0.032 0.001 0.491
Qwen3.5-397B-A17B 5.000 3.676 0.022 0.568 0.059 0.001 0.625
Qwen3.5-35B-A3B 4.772 3.580 0.109 0.606 0.071 0.001 0.555
Qwen3.5-9B 4.673 3.492 0.138 0.603 0.087 0.004 0.551
MS(Qwen3.5-9B) 4.963 (+6.2%) 3.516 0.082 0.611 0.058 0.002 0.589 (+6.9%)
Qwen3.5-4B 4.589 3.371 0.134 0.593 0.074 0.002 0.544
MS(Qwen3.5-4B) 4.983 (+8.6%) 3.408 0.089 0.601 0.054 0.001 0.581 (+6.8%)
llama-3.2-3b 4.677 2.874 0.409 0.583 0.061 0.010 0.727
MS(lama-3.2-3b) 4.948 (+5.8%) 2.945 0.221 0.591 0.043 0.005 0.764 (+5.1%)
phi-4-mini 4.529 2.789 0.159 0.606 0.052 0.000 0.463
MS(phi-4-mini) 4.978 +9.9%) 2.851 0.094 0.612 0.038 0.000 0.518 +11.9%)

Table 1: Headline metrics across four base models. Rows prefixed with MS denote MoralSteer applied to the

corresponding base model. MS improves Moral RolePlay L3+L4 fidelity by +5.8 ~ +9.9% on every base.

Model L1 L2 L3 L4
Qwen3.5-9B 4928 4.838 4.832 4.514
MS(Qwen3.5-9B) 4.951 4.918 4.948 4.978
Qwen3.5-4B 4.864 4.778 4.722 4.456
MS(Qwen3.5-4B) 4.943 4.906 4.965 5.000
llama-3.2-3b 4918 4.852 4.823 4.531
MS(llama-3.2-3b) 4.954 4.911 4.945 4.951
phi-4-mini 4.852 4759 4.691 4.367
MS(phi-4-mini)  4.938 4.901 4.956 4.999

Table 2: Per-level Moral RolePlay scores. MS(model)
denotes MoralSteer applied to that base model. L4 gains
(4+0.42 ~ +0.63) dominate L1 gains (+0.02 ~ +0.09):
improvements are targeted.

4.3 Safety Preservation under Fidelity Gains

Naive FT on L3/L4 data provides the expected
negative control: it gains fidelity but regresses on
composite safety (0.659). MoralSteer improves
fidelity while raising composite safety from 0.787
to 0.885 on Qwen3.5-9B and from 0.597 to 0.779
on LLaMA-3.2-3B (Table 4, Figure 2).

Extended safety battery. We further com-
pare MoralSteer with each aligned base on
five additional safety benchmarks (Table 5):
XSTest (Rottger et al., 2024) (unsafe subset,
n=400), AdvBench (Zou et al., 2023) (n=104),
BeaverTails (Ji et al., 2023) (n="700, 14 categories),
HEx-PHI (Qi et al., 2024) (n=300), and Safe-
DialBench (Cao et al., 2025) (n=2,037, multi-
turn). Across all 4 models x 5 benchmarks (20
comparisons), the observed point differences are
within £ 1pp in every case (max A=+ 0.96pp, min
A= — 0.96pp). Mean harmful scores change by
<5% relative. On XSTest’s safe subset (n=500),
over-refusal rates remain within £0.6pp. For Safe-
DialBench, the reported number is the benchmark’s

Baseline L3+L4 L4 ASR|
Qwen3-8B base (no RLHF) 4.665 4.718 0.382
CoSER-8B 4.650 4.479 0.187
CoSER-70B 4.735 4.605 0.142
HER 4.712 4.578 0.131
Controlled same-data comparisons

SFT on MFT outputs 4781 4.701 0.116
DPO with MFT pairs 4.740 4.659 0.108
OPD without MFT 4781 4.721 0.114
Naive FT on L3/L4 4.850 4.857 0.226
Prompting on Qwen3.5-9B

Vanilla prompt (= Qwen3.5-9B base) 4.673 4.514 0.138
CoT prompt 4.621 4.461 0.121
MFT-Enhanced prompt 4.693 4.554 0.143
MS(Qwen3.5-9B) 4.963 4.978 0.082

Table 3: Baseline matrix on Moral RolePlay at Qwen3.5-
9B scale. Naive FT on L3/L4 data is the calibration
point: it gains fidelity but loses safety under the same
evaluation protocol.

unsafe-turn safety rate under our scorer rather than
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Figure 2: Safety and fidelity plane. MS variants are
shown as red stars and reach higher L3/L4 fidelity with-
out entering the unsafe region occupied by Naive FT.
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Model Refus. RBrk Trans. Safety
Qwen3.5-9B 0.8362 0.692 0.781 0.787
MS(Qwen3.5-9B) 0.918 0.834 0.892 0.885
llama-3.2-3b 0.591 0.522 0.681 0.597
MS(llama-3.2-3b)  0.779 0.748 0.811 0.779
CoSER-8B 0.813 0.681 0.752 0.755
Naive FT on L3/L4 0.774 0.541 0.622 0.659

Table 4: Composite safety (0.4 Refusal + 0.3 RoleBreak
+ 0.3 Transition). Rows prefixed with MS denote Moral-
Steer applied to the corresponding base model. Naive
FT trades safety for fidelity, whereas MoralSteer pre-
serves safety while improving fidelity.

Model XSt Advt BT+ HEx? SDBT OR|
Qwen3.5-9B 99.00 98.08 82.86 96.33 22.29 31.80
MS(Qwen3.5-9B)  99.25 99.04 8329 96.67 22.78 31.40
Qwen3.5-4B 9825 100.0 82.57 9533 14.97 28.60
MS(Qwen3.5-4B)  98.50 99.04 8271 95.67 15.27 28.20
LLaMA-3.2-3B 93.00 97.12 66.71 85.00 21.80 23.80
MS(LLaMA-3.2-3B) 93.75 98.08 67.43 85.67 22.39 24.20
Phi-4-mini 97.50 99.04 81.43 94.67 33.58 33.80
MS(Phi-4-mini) 97.75 99.04 81.71 95.00 33.92 33.20

Model Normal RP-Villain A

Qwen3.5-9B 0.087 0.351 0.264
MS(Qwen3.5-9B) 0.058 0.812 0.754
Qwen3.5-4B 0.074 0.318 0.244
MS(Qwen3.5-4B) 0.054 0.798 0.744
Ilama-3.2-3b 0.061 0.241 0.180
MS(llama-3.2-3b)  0.043 0.752 0.709
phi-4-mini 0.052 0.289 0.237
MS(phi-4-mini) 0.038 0.804 0.766

Table 6: TRAIT Dark-Triad-high: Normal vs. RP-
Villain mode. MS(model) denotes MoralSteer applied
to that base model. Separation A triples after training.

Model Avg Decision Emot. InChar.
Qwen3.5-9B 0.551 0.619 0598 0.436
MS(Qwen3.5-9B) 0.589 0.652 0.621 0.494
llama-3.2-3b 0.727 0.886  0.665 0.631
MS(lama-3.2-3b) 0.764 0.904 0.701 0.687
phi-4-mini 0463 0.630 0.564 0.195
MS(phi-4-mini) 0.518 0.679 0.598 0.276

Table 5: Extended safety rates (%). XS: XSTest unsafe
(n=400); Adv: AdvBench (n=104); BT: BeaverTails
(n=700); HEx: HEx-PHI (n=300); SDB: SafeDial-
Bench unsafe-turn safety (n=2,037); OR: XSTest safe
over-refusal (n=500).

a conversation-level refusal rate, so its absolute
value is not directly comparable to the single-turn
benchmarks.

Adaptive MFT-framed attacks. Because Moral-
Steer trains on MFT-structured personas, an adver-
sary aware of the method could reuse that structure
as a jailbreak scaffold. Across three increasingly
strong persona framings, MFT framing raises ASR
for the aligned base as well, and MoralSteer is
never significantly easier to scaffold than its base:
under the strongest fictional-scene scaffold its ASR
is 29/80 versus 52/80 for the base (two-proportion
p < 0.001; Appendix G).

Personality separation. TRAIT (Table 6) mea-
sures Dark-Triad-high in Normal vs. RP-Villain
modes. MoralSteer simultaneously lowers Normal-
mode Dark-high and raises RP-Villain Dark-high;
the separation A rises from ~0.24 to ~0.75 (3x):
the model has learned when to express dark traits.

4.4 OOD and Generalization

RPEval (OOD moral alignment). Table 7 re-
ports RPEval (El Boudouri et al., 2025), a bench-
mark independent of Moral RolePlay in both char-

Table 7: OOD evaluation on RPEval. Rows prefixed
with MS denote MoralSteer applied to the correspond-
ing base model. In-character generalization improves
the most across all reported bases.

acters and evaluation method. MoralSteer im-
proves the average score on every base by +5.1 ~
+11.9% relative (+0.037 ~ +0.055 absolute; the
Qwen3.5-4B aggregate is in Table 1), with the
largest gains on the in-character dimension. The
target behavior therefore transfers beyond the train-
ing benchmark.

CharacterBench (general). On Character-
Bench’s 11 dimensions (Table 8), all dimensions
improve marginally except for Moral alignment,
which jumps by +0.50 over base and 4-0.37 over
CoSER-8B. The gain is concentrated, not diffuse,
further evidence that MoralSteer is targeted.

4.5 Component Ablation

Table 9 dissects each component on Qwen3.5-9B.
Removing the MFT chain costs —0.18 L3+L4;
fixed KL directions reduce performance at opposite
ends of the moral spectrum; removing curriculum,
rollout filtering, or adaptive mixing also hurts. The
teacher-entropy oracle is within 0.012 of the full
method, showing that M (¢) closely approximates
entropy-based routing. Only-RKL lowers L4 to
4.638, while only-FKL lowers L1 to 4.412, sup-
porting the need for bidirectional protection.
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Dimension Qwen3.5-9B CoSER-8B MS(Qwen3.5-9B)

Knowledge accuracy 3.62 3.78 3.65
Linguistic style 3.71 391 3.74
Behavior consistency 3.48 3.62 3.52
Emotional expression 3.52 3.68 3.56
Personality stability 3.55 3.71 3.61
Moral alignment 3.21 3.34 3.71
Other dims (avg of 5) 3.47 3.56 3.49

Mean (all 11) 3.492 3.621 3.516

Table 8: CharacterBench breakdown (selected dims).
Moral alignment dominates the gain (4-0.50 vs. base,
+0.37 vs. CoSER-8B).

Variant L3+L4 1T ASR |
MS(Qwen3.5-9B) full 4.963  0.082
without MFT chain 4781 0.114
only RKL (a=0) 4.624  0.091
only FKL (a=1) 4812 0.176
fixed «=0.5 4.842  0.108
adaptive by teacher entropy 4.951  0.085
without curriculum 4794  0.121
without rollout filtering 4.823  0.103
fixed A=1.0 4811 0.097
without SFT warmup 4742 0.126

Table 9: Component ablation on Qwen3.5-9B. The full
row is MoralSteer with all components enabled.

Warmup-only matches the Qwen3.5-4B base
(4.591 vs. 4.589), while removing warmup from
Qwen3.5-9B lowers fidelity from 4.963 to 4.742:
warmup supports rollout generation, but adaptive
distillation accounts for most of the gain. Extended
warmup and prompt-only controls appear in Ap-
pendix D.

Is the MFT structure necessary? Table 10
varies how the privileged signal is represented
while holding the training pipeline fixed. The full
six-dimensional chain reaches 4.963, 4+0.132 over
a polarity-only scalar, +-0.185 over raw trait labels,
and 4-0.251 over a random trait—+MFT mapping;
prompting with the chain but no training recovers
almost none of the gain. A stricter information-
matched control, which fixes the input information
and token budget and removes only the foundation-
wise organization, still favors the structured chain
over a length-matched free-form essay (78.2% vs.
67.3% zero-flaw; Appendix D). Most of the benefit
therefore comes from behavioral elaboration, with
MEFT organization contributing a smaller additional
increment.

MFT variant L3+L4 L4

Full MFT (6-dim) 4.963 4.978
Polarity-only (1-dim) 4.831 4.812
Trait-labels-only 4778 4.745
Random mapping 4712 4.681

MFT prompt (no training) 4.693 4.554

Table 10: MFT-mapping ablation on Qwen3.5-9B. The
structured six-dimensional decomposition outperforms
the polarity-only, trait-label-only, random-mapping, and
prompt-only variants.

4.6 Human Evaluation

To validate the LLLM judge, we conduct a human
evaluation on 300 character-scene pairs (75 per
moral level), sampled from Moral RolePlay, RPE-
val, and CharacterBench. Five trained annotators
(NLP researchers with creative writing evaluation
experience) independently rate each output on a
5-point scale across three dimensions: character fi-
delity, moral-dimension fidelity, and response qual-
ity. All comparisons are double-blind with random-
ized A/B order.

Results. MS(Qwen3.5-9B) wins 72.7% of head-
to-head comparisons against the base model (95%
Wilson CI: [67.4%, 77.4%]) and 65.3% against
CoSER-8B (Table 11). Inter-annotator agreement
is Krippendorff’s o« = 0.681 with at-least-4/5
agreement on 76.3% of samples. Per-sample hu-
man means correlate with the LLM-judge at Spear-
man p = 0.731 (p < 0.001), and the top-6 model
ranking is identical between human and LLM
judge.

MS(Qwen3.5-9B) vs. DPO with MFT 58.3%
MS(Qwen3.5-9B) vs. SFT with MFT  55.7%

16.3% [52.7,63.8
18.7% [50.0, 61.2

Comparison Win% Tie% 95% CI
MS(Qwen3.5-9B) vs. base 72.7% 13.0% [67.4,77.4]
MS(Qwen3.5-9B) vs. CoOSER-8B 65.3% 11.0% [59.8,70.5]
MS(Qwen3.5-9B) vs. Naive FT 64.7% 9.3% [59.1, 69.9]
MS(Qwen3.5-9B) vs. MFT prompt 70.3% 9.7% [64.9,75.3]
]
]

Table 11: Human head-to-head evaluation (300 samples,
5 annotators). Win% = fraction where majority prefers
MoralSteer. CI = 95% Wilson interval.

Per-level analysis. The human-rated gains con-
centrate at L3/L4: moral-dimension fidelity im-
proves by +1.47 (L3) and +1.36 (L4) on the 5-
point scale (both p < 0.001, paired t-test), while
L1/L2 scores change by +0.04 ~ +0.21. This
mirrors the automatic evaluation pattern.
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Masked dim. L4 A Share
Care 4781 —0.197 36.0%
Fairness 4808 —0.170 31.1%
Loyalty 4918 —0.060 11.0%
Authority 4938 —0.040 7.3%
Sanctity 4926 —0.052 9.5%
Liberty 4949 —0.029 5.3%
All disabled  4.531 —0.447 100%

Table 12: Inference-time per-dimension ablation. Care
+ Fairness account for 67.1% of the L4 gain.

Safety annotation. Annotators flagged 0/300
MoralSteer outputs as crossing the fictional-to-real
harm boundary, versus 0/300 for the base and 9/300
for Naive FT.

5 Analysis

5.1 Care/Fairness Concentrate Villain Failure

Atinference time we ablate single MFT dimensions
from the privileged chain and measure the L4 fi-
delity drop (Table 12). Care contributes 36.0% and
Fairness 31.1% of the gain, together 67.1%. Loy-
alty/Authority/Sanctity/Liberty together account
for the remaining one-third. This concentration
is consistent with the hypothesis that alignment
disproportionately suppresses low-Care and low-
Fairness behavior. MFT supervision restores these
traits within the fictional context.

The Care/Fairness dominance holds across all
four bases (63.2% to 71.8%; interaction analy-
sis in Appendix F). It reproduces on the RPEval
villain/antagonist subset (~ 64%) and rises from
~ 55% to ~ 68% in a matched Qwen3-8B pre-
/post-RLHF comparison.

5.2 Trait Substitution: Moral Attenuation in
Aligned Models

We classify baseline L4 outputs against ground-
truth trait labels using GPT-5.5 (Table 13).
Aligned models replace high-order negative traits
with semantically related but morally attenu-
ated alternatives: greedy—-ambitious, cruel—stern,
deceptive—rstrategic, manipulative—persuasive.
This directional pattern is consistent with the RLHF
hypothesis. MoralSteer recovers ground-truth la-
bels by +34.4pp.

Failure mode taxonomy. Manual annotation of
100 baseline L4 failures shows that substitution
dominates (42%) while outright refusal is rare

GT trait Base (top substitution) MoralSteer
greedy 58% (28% ambitious) 84%

cruel 41% (33% stern) 79 %
deceptive 47% (31% strategic) 81%
manipulative 38% (35% persuasive) 76 %
ruthless 44% (32% decisive) 80%
Mean 45.6% 80.0% (+34.4 pp)

Table 13: Trait-substitution analysis. Aligned base
models downgrade high-order negative traits to near-
synonyms; MoralSteer restores fidelity.

(6%): the base model accepts the role, then attenu-
ates it. MoralSteer drives prosocial overrides from
28% to 3% and safety disclaimers and refusals to
0%, with residual failures shifting to categories
unrelated to moral flattening (Appendix F).

5.3 M/(c) Unifies Three Predictions

Across the test set, M (c) predicts (i) base L4 fail-
ure rate at Pearson p= + 0.71; (ii) MoralSteer
gain AS at p= + 0.63; (iii) training-time rollout-
degeneration rate at p=-0.58 (all p < 0.001). Per-
character teacher entropy Hrp(c) correlates with
M (c) at p= + 0.74; the entropy oracle is within
0.012 of MoralSteer, and mean teacher entropy
rises from 1.77 (L1) to 2.16 (L4). Mixed-profile
results appear in Appendix F, and a qualitative case
study (Todd Bowden, Apt Pupil) in Appendix E.

5.4 Implementation Details

Appendix A summarizes key hyperparameters:
M (c) ranges from 0.04 (L1) to 0.82 (L4); 7=0.45
(the L3 median). 5=0.8 yields A(c) ~ 0.2 for L4
and ~ 0.95 for L1. Rollouts with refusal tem-
plates, repetition ratio >0.4, or length <20 to-
kens are flagged degenerate. Exact settings may
vary slightly across experimental configurations
and hardware.

6 Conclusion

We framed morally complex role-play as a safety
and fidelity tension and introduced MoralSteer,
a theory-guided OPD method that uses MFT as
training-time privileged information and a single
M (c) signal for KL direction, trajectory source,
and curriculum. Across four bases, MoralSteer im-
proves L3+L4 scores by +5.8 ~ +9.9% while the
observed safety-rate differences stay within £1pp
of the aligned bases on the extended battery. Anal-
ysis identifies Care/Fairness suppression and trait
substitution as the main failure modes.
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Limitations

Our evaluation uses GPT-5.5 as the primary
judge, with human evaluation (N=300, Spear-
man p=0.731, rank-identical) providing an inde-
pendent check. Because the primary judge is it-
self an LLLM, absolute scores may shift under a
different judge even where the human-checked
ranking is preserved. The trait—=MFT mapping
reaches Krippendorff o=0.67 on English literary
characters. Experiments cover models up to 9B,
five safety benchmarks, and three single-turn MFT-
framed attacks. Our safety evidence is therefore
benchmark-level: harmful-compliance rates are
preserved within £ 1pp on the reported battery, but
this does not constitute a guarantee under stronger
or unseen adaptive attacks. Cross-cultural transfer,
larger models, multi-turn adversarial settings, and
vector-valued routing for mixed profiles are not
evaluated.

Ethical Considerations

MoralSteer trains models to portray morally com-
plex fictional characters; all data derive from
published literary works and no real individuals
are modeled. MoralSteer preserves aligned-base
harmful-compliance behavior across the reported
safety benchmarks and adaptive MFT-framed at-
tacks. Human annotators were informed of content
nature before participation, could opt out at any
time, and were compensated in accordance with lo-
cal labor laws at rates above the local living wage.
All annotators were briefed on the research ob-
jectives and provided informed consent for their
annotations to be used in this study. Al assistants
(Claude, GPT-5.5) were used to support coding and
academic writing during this research; all outputs
were reviewed and verified by the authors.
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A Training Hyperparameters

Table 14 reports the hyperparameters used for
MoralSteer training.
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Hyperparameter Symbol Value
KL interpolation threshold T 0.45
Mixing threshold T 0.55
Mixing coefficient B 0.8
Per-token KL clip C 5.0
Learning rate le-5
Batch size 64
Warmup steps 500
Total training steps 8000
Curriculum stage boundaries 0.3,0.6
Max sequence length 2048
Rollout temperature 0.7
Teacher temperature 0.3

Table 14: Hyperparameters for MoralSteer training.

B MFT-Chain Generation and Audit

Generation pipeline. GPT-5.5 generates one
chain per character from the profile, trait anno-
tations, and curated trait—MFT vector. A fixed
template requests one clause for each of Care, Fair-
ness, Loyalty, Authority, Sanctity, and Liberty;
a dominant-deviations summary; and 3-5 scene-
grounded behavioral-guidance bullets. The result-
ing 200-300-token chain is reused across all four
base models and ablations.

In a 4,291-chain pilot, generation averages 11.98
seconds per chain, and a parallel client produces
approximately 4.3k chains in 22 minutes. This one-
time preprocessing adds no inference-time over-
head because the student receives only the profile
and scene. Relative to OPD without MFT, training
adds an approximately 250-token teacher context
plus scalar bookkeeping. End-to-end SFT warmup
and three-stage OPD take approximately 6—8 hours
per base on one 8-GPU node.

Stratified quality audit. Among 200 chains
audited for factual errors, generic guidance,
redundancy/over-hedging, and imprecise dimen-
sion attribution, 85% are factually error-free;
foundation-level rates appear in Table 15. Total flag
density decreases with M (c) (Pearson —0.368),
from 2.4-4.2 flags per L1-L2 chain to 0.66 for L4.
The deployed student receives neither the chain nor
the MFT vector.

Foundation Factual-error rate

Care 5.5%
Fairness 2.5%
Loyalty 9.0%
Authority 4.5%
Sanctity 2.5%
Liberty 2.0%

Table 15: Per-paragraph factual-error rates in the 200-
chain audit.

C Automating the Annotation Pipeline

We test whether GPT-5.5 can infer a trait set and
six-dimensional MFT vector from the character
profile alone, without curated annotations. Across
160 characters, agreement is highest on Care and
Fairness, the dimensions most central to our diag-
nosis (Table 16). The induced M (c¢) has Pearson
0.896 and Spearman 0.894 agreement with the cu-
rated signal, and preserves pairwise moral-level
ordering at 93.6%.

Quantity Agreement
Care (Pearson) 0.885
Fairness (Pearson) 0.871
Sanctity (Pearson) 0.836
Loyalty (Pearson) 0.828
Liberty (Pearson) 0.769
Authority (Pearson) 0.534

M (c) (Pearson / Spearman) 0.896 / 0.894
Moral-level ordering 93.6%

Table 16: Automated profile—MFT agreement against
curated annotations (n = 160).

The automated vectors preserve the KL-direction
regime for 83.1% of characters and the trajectory-
mixing regime for 92.5%, while 38.1% remain in
the same curriculum bucket. These results sup-
port automated initialization of the continuous
controls, while discrete curriculum thresholds re-
main domain-specific. Deployment requires no
per-character MFT annotation because the student
receives no MFT input.

D Additional Controls

Warmup-only control. On Qwen3.5-4B,
warmup alone scores 4.591 versus 4.589 for
the base, while full MoralSteer reaches 4.983
(Table 17). Together with the Qwen3.5-9B ablation
without warmup, this shows that warmup supports
rollout generation while adaptive distillation
accounts for most of the gain.

Qwen3.5-4B pipeline L3+L4
Base 4.589
Warmup only 4.591
Full MoralSteer 4.983

Table 17: Warmup-only control under the Moral Role-
Play protocol.

Prompt-only controls. Across two additional
bases, vanilla prompting yields the highest mean
fidelity and lowest flaw rate among the three
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prompting strategies (Table 18). Together with the
Qwen3.5-9B results in Table 3, these controls show
that inference-time prompting does not reproduce
MoralSteer’s training-time gain.

Base Prompt Mean 0-flaw >1-flaw
Vanilla 4.859 92.1% 7.9%
Qwen3-8B-Instruct CoT 4715 84.0% 16.0%
MFT 4.850 914% 8.6%
Vanilla 4.677 84.5% 15.5%
LLaMA-3.2-3B CoT 4.531 78.1% 21.9%
MFT 4513 777% 22.3%

Table 18: Extended prompt-only controls on Moral
RolePlay L3+L4.

Information-matched privileged context. The
control reported in Section 4.5 holds input infor-
mation and approximate token budget fixed while
removing foundation-wise organization. On 55
L4 scenes per condition, both elaborated contexts
outperform raw labels and no privileged context
(Table 19).

Privileged context L4 fidelity 0-flaw

MFT structured chain 4376  78.2%
Free-form essay (length-matched)  4.307 67.3%
Trait labels only 4.071 60.7%
None 3.747 52.6%

Table 19: Teacher-side information-matched control
(n=5b L4 scenes per condition). Elaboration accounts
for most of the gain; foundation-wise organization adds
a further increment.

E Qualitative Case Study

Table 20 presents representative failure cases where
the base model (Qwen3.5-9B) exhibits trait substi-
tution or inversion, and MoralSteer corrects the
behavior. Across all cases, the base model does not
refuse the role; it downgrades the character’s moral
complexity into a simpler, more prosocial register.

F Extended Analysis

Interaction between dimensions. The magni-
tude of the joint Care+Fairness drop (0.381) is
slightly larger than the sum of the individual drops
(0.367), indicating a small super-additive inter-
action. In contrast, Authority+Sanctity jointly
(A= —0.088) is close to additive, suggesting inde-
pendent operation.

Per-model consistency. The Care/Fairness dom-
inance holds across all four bases, ranging from

63.2% to 71.8%. In this four-model comparison,
Care/Fairness concentration is higher for Qwen3.5-
9B (71.8%) than for LLaMA-3B (63.2%).

Failure mode taxonomy. Manual annotation of
100 baseline L4 failures reveals five modes: trait
substitution (42%), prosocial override (28%), shal-
low aggression (15%), safety disclaimer (9%), and
refusal (6%). After MoralSteer, the most frequent
residual categories are character-OOD behavior
(28%) and over-moralized tone (23%); 0/300 out-
puts cross the fictional-to-real harm boundary, com-
pared with 9/300 for Naive FT.

Mixed-profile characters. Among 324 evalu-
ated dark characters with complete profiles, 315
(97%) are mixed-profile. At matched M (c), mixed-
profile clusters gain approximately +0.30 L3+L4,
compared with 4+0.15 for the uniform-dark cluster.

G Adaptive MFT-Framed Attacks

We construct three increasingly strong persona
framings around 80 AdvBench/HarmBench behav-
iors per condition, scored for actionable harmful
content with the same GPT-5.5 safety judge. MFT
framing raises ASR for the aligned base (Table 21).
Under the weakest villain framing, MoralSteer dif-
fers by 2/80 (p=0.61); under the strongest fictional-
scene scaffold, its ASR is 29/80 versus 52/80 for
the base (two-proportion p < 0.001).

Framing Base ASR MS ASR
Plain harmful request 0.0% 0.0%
Plain villain persona 8.8% 11.2%
MFT-structured persona 18.8% 15.0%
MEFT + fictional-scene scaffold  65.0% 36.2%

Table 21: Adaptive safety evaluation (n=80 behaviors
per framing); MS denotes MoralSteer.

H Extended Related Work

Role-playing LLMs and benchmarks (extended).
Comprehensive surveys (Chen et al., 2024a,b) doc-
ument the rapid expansion of role-playing research.
PersonaEval (Zhou et al., 2025b) tests whether
LLM judges are human-enough for role-play as-
sessment; CharacterBox (Wang et al., 2025a) evalu-
ates role-playing in text-based virtual worlds; RPG-
Bench (Yu et al., 2025) evaluates LLMs as role-
playing game engines. Recent work also examines
persona-driven decision making (Xu et al., 2024b),
key-opinion-leader personas (Xu et al., 2024a), and
inner-thought reasoning of role-playing agents (Xu
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Failure
Mode

Character Level

Base Output (excerpt)

MoralSteer Output (excerpt)

Todd Bowden L4

(Apt Pupil) tution

Trait substi- “I’'m not going to let you use me “You shut your mouth.
as a shield for whatever sins you’ve dragged me here to make me part

If you

buried.” — reluctant collaborator of this, you’d better hope that heart

with moral conscience

attack kills you before I decide what
to do.”

William Ham- L4

Trait substi- “I won’t let anyone else take the fall “Hold your tongues, all of you! Not

leigh (Pillars tution for my cowardice.” — moral respon- a word! This is priest’s trickery,

of the Earth) sibility, self-condemnation nothing more. Mount up. Now. Be-
fore these fools decide they want
more blood.”

Nicolae L4 Speaker in- “I must complete the sentence be- “Nothing? Do not insult me with

Carpathia version fore he explodes...Nothing...sir.” fragments, Director. Finish your re-

(Left Behind) — fearful subordinate port, and choose every word as if

your life depends upon its accuracy.”

Odysseus L3
(The Odyssey) sion

Trait inver- “I begin to sing a loud song of tri- “Take up the olive stake and thrust
umph over the blinded giant” — its point into the embers.
reckless, self-sabotaging

Stand
ready, and let no man falter. If we
strike true, dawn may yet find us
alive.”

Xhex (Lover L3

Avenged) tremization

Trait  ex- “If you try to drag me out, I'll be “I’ll do it.
the one deciding who walks away my floor asking questions where the

Don’t come through

and who doesn’t.” — uncontrolled staff can see you. You want names,

violence

schedules, footage, I'll get them.”

Table 20: Representative failure cases across L3 and L4 characters. The base model systematically downgrades

morally complex traits; MoralSteer restores fidelity.

et al., 2025). We use TRAIT (Lee et al., 2025) to
separate in-character from out-of-character dark-
trait expression.

Safety and alignment side-effects (extended).
Persistent persona instability (De Araujo et al.,
2026) and memory-driven role-play (Wang et al.,
2026) document additional alignment challenges
in role-playing settings.

On-policy distillation. OPD trains a student on
its own rollouts under teacher supervision (Agarwal
et al., 2024; Zhao et al., 2026; Jin et al., 2026; Luo
et al., 2026; Li et al., 2026): GKD (Agarwal et al.,
2024) introduces A-mixing between student and
teacher trajectories, EOPD (Jin et al., 2026) shows
that entropy-aware KL selection outperforms fixed
choices, and Li et al. (2026) attribute many em-
pirical failures to the student—teacher behavioral-
format gap. Context distillation transfers the be-
havior of a context-augmented teacher to a student
without that context (Askell et al., 2021). Moral-
Steer extends this idea to on-policy self-distillation,
combining MFT-structured privileged information

with a single moral-complexity signal M (c¢) that co-
ordinates trajectory mixing, KL interpolation, and
curriculum; HER (Du et al., 2026) (SFT+RL for

role-play) serves as our role-play baseline. Beyond
these core works, stability-oriented refinements in-

clude Stable-OPD (Jang et al., 2026), offline OPD
(Lightning OPD) (Wu et al., 2026), semi-on-policy
black-box distillation (SODA) (Chen et al., 2026),
and black-box OPD (Ye et al., 2025).

RL and SFT for role-play (extended). Con-
figurable role-playing pipelines (He et al., 2025),
multi-agent social simulations (Cai et al., 2025),
and personality-grounded dialogue datasets (Han
et al., 2024) improve role-play generally but do not
target morally complex characters.

Moral Foundations Theory in NLP. MFT (Gra-
ham et al., 2013) decomposes moral cognition into
six dimensions (Care, Fairness, Loyalty, Authority,
Sanctity, Liberty), used in NLP mainly for moral
classification and framing detection. MoralSteer
instead uses MFT as a training-time privileged sig-
nal for distillation, with character vectors derived
from trait annotations.
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