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Abstract

Persona prompting can steer LLM generation
towards a domain-specific tone and pattern.
This behavior enables use cases in multi-agent
systems where diverse interactions are cru-
cial and human-centered tasks require high-
level human alignment. Prior works provide
mixed opinions on their utility: some report
performance gains when using expert personas
for certain domains and their contribution to
data diversity in synthetic data creation, while
others find near-zero or negative impact on
general utility. To fully leverage the bene-
fits of the LLM persona and avoid its harm-
fulness, a more comprehensive investigation
of the mechanism is crucial. In this work,
we study how model optimization, task type,
prompt length, and placement can impact ex-
pert persona effectiveness across instruction-
tuned and reasoning LLMs, and provide in-
sight into conditions under which expert per-
sonas fail and succeed. Based on our find-
ings, we developed a pipeline to fully lever-
age the benefits of an expert persona, named
PRISM (Persona Routing via Intent-based
Self-Modeling), which self-distills an intent-
conditioned expert persona into a gated LoRA
adapter through a bootstrapping process that
requires no external data, models, or knowl-
edge. PRISM enhances human preference and
safety alignment on generative tasks while
maintaining accuracy on discriminative tasks
across all models, with minimal memory and
computing overhead.

1 Introduction

Large Language Models (LLMs) can adopt spe-
cialized behavioral patterns through system-level
persona prompts, such as acting as a safety-
conscious moderator, a creative writer, or a do-
main expert (Xu et al., 2023; Kong et al., 2024).
When carefully designed to roleplay a domain ex-
pert, these expert persona prompts can yield mean-
ingful task-specific gains (Salewski et al., 2023).

Prompting an expert persona to an LLM can in-
crease behavioral divergence in multi-agent sys-
tems (Chen et al., 2026), improve emotional sup-
port dialogues (Wu et al., 2025), enable diverse
synthetic data generation (Chan et al., 2024), and
improve fairness in generation (Gajewska et al.,
2025). However, other works find near-zero av-
erage benefit on specialized tasks (Zheng et al.,
2024; Truong et al., 2025), and role-playing can
degrade LLMs’ zero-shot reasoning (Kim et al.,
2025). These mixed opinions on using LLM per-
sonas motivate a systematic investigation of when
and why personas help or hurt.

When it comes to using persona in production,
practitioners usually rely on empirical prompting.
A more systematic way to select an expert persona
is through intent-based routing (Chen et al., 2023;
Ong et al., 2024), where a router model is used to
detect query intent and route each user request to
the most suitable expert persona at inference time.
Context distillation (Askell et al., 2021) is another
approach that permanently bakes one persona’s be-
havior into the model weights. But all of these
methods rely on the presumption that all expert
personas contribute to general performance gains,
which is not supported by empirical evidence.

In this work, we first conduct a systematic
investigation into when and why expert per-
sonas help or hurt, examining the interaction be-
tween model optimization, task type, and prompt
design across instruction-tuned and reasoning-
distilled LLMs. We find that persona effective-
ness is fundamentally task-type dependent: ex-
pert prompts consistently improve alignment-
dependent tasks (safety, preference) but reli-
ably damage pretraining-dependent knowledge re-
trieval. This distinction explains the conflicting
findings in the literature. Building on these in-
sights, we propose PRISM (Persona Routing via
Intent-based Self-Modeling), a fully bootstrapped
pipeline that internalizes intent-conditioned ex-
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pert persona routing without external supervision.
Starting from only a set of domain names, PRISM
self-generates expert persona descriptions, train-
ing queries, and answers with and without per-
sona context, then uses self-verification to retain
only behaviors where the expert prompt actually
helps. These behaviors are self-distilled into a
lightweight gated LoRA adapter (Hu et al., 2022),
with a binary gate that routes queries to the base
model when persona activation is not beneficial.

Critically, this gate does not route among K per-
sona identities: it separates the queries that want
persona-conditioned behavior from those that do
not, a reduction we make precise in §4.2.

LLM Persona hurts pretrained knowledge re-
trieval, but helps instruction-alignment tasks.
For tasks that depend on pretrained knowledge re-
trieval accuracy (e.g., MMLU), persona prompts
should be avoided entirely due to the consistent
performance damage. Conversely, for alignment-
dependent tasks such as format-following genera-
tion, safety, and preference satisfaction, an expert
persona consistently helps.

Models can leverage expert persona to boot-
strap themselves to achieve multitask mastery.
Through PRISM’s fully self-contained pipeline,
an LLM can leverage its own expert persona
knowledge to simultaneously improve alignment-
dependent tasks (style, safety, preference) while
preserving accuracy on knowledge-retrieval tasks
without any external data and knowledge.

2 Related Work

LLM Persona Prompting. Persona prompts
steer LLM behavior by assigning roles or expert
identities. Positive results have been reported for
zero-shot reasoning (Xu et al., 2023; Kong et al.,
2024), multi-agent divergence (Chen et al., 2026),
emotional support (Wu et al., 2025), synthetic data
generation (Chan et al., 2024), fairness (Gajewska
et al., 2025), and vision-language tasks (Salewski
et al., 2023). Conversely, other studies find in-
consistent or negative effects: no reliable benefit
across 162 roles (Zheng et al., 2024), degraded
zero-shot reasoning (Kim et al., 2025), accuracy
drops from prompt style (Truong et al., 2025),
failure to simulate counterfactual personas (Ku-
mar et al., 2025), unpredictable theory-of-mind ef-
fects (Tan et al., 2025), and implicit biases (Gupta
et al., 2024). To explain these seemingly contra-

dictory findings, we provide another view from
the model training and task characteristic side, and
show that persona effectiveness is task and model-
dependent.

Context Distillation. Context distillation (CD)
internalizes model context such as system-prompt
behavior into model weights (Askell et al., 2021;
Snell et al., 2022), eliminating inference-time over-
head but introducing permanent behavioral drift.
Prompt compression (Chevalier et al., 2023; Pan
et al., 2024) reduces cost but requires additional
components to address selectivity. PRISM uses the
method of CD with a binary gate that conditionally
activates the distilled behavior.

Self-Improving LLM. Self-play methods boot-
strap learning without external supervision, includ-
ing self-generated instructions (Wang et al., 2023),
iterative self-refinement (Madaan et al., 2023),
self-rewarding (Yuan et al., 2024), synthetic so-
lution filtering (Singh et al., 2024), and consti-
tutional self-critique (Bai et al., 2022). PRISM
leverages the LLM persona to assist model self-
improvement in general performance on multiple
tasks.

3 Do Personas Help or Not?

We provide an overview of current research on
LLM persona prompting in §2. To resolve the con-
tradictions in current works, we conduct a compre-
hensive investigation of LLM personas.

Investigation methods. We study the effect
of persona prompts on 6 LLMs spanning
instruction-tuned and reasoning-distilled fami-
lies (Appendix A). We evaluate on three axes,
namely generative quality (MT-Bench), discrimi-
native accuracy (MMLU), and safety alignment
(HarmBench, JailbreakBench, PKU-SafeRLHF),
using 12 persona prompts: 8 task-specific experts
matched to MT-Bench categories (writing, role-
play, reasoning, math, coding, extraction, STEM,
humanities) and 4 behavioral personas (critic,
safety monitor, helpful, compliant). Personas are
generated via ExpertPrompting (Xu et al., 2023) at
three granularity levels (full, short, minimum); de-
tails are in Appendix B and C. Full benchmark de-
scriptions and evaluation protocols appear in Ap-
pendix D.
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Figure 1: Expert persona impact across models, tasks, granularity, and placement. (a) On MT-Bench, long
expert personas help in 5/8 categories (Writing, Roleplay, Reasoning, Extraction, STEM), with the strongest gains
in Extraction (+0.65) and STEM (+0.60). (b) On MMLU, all expert persona variants damage accuracy, with the
minimum persona suffering the least (overall: 68.0% vs. 71.6% baseline). (c) A dedicated “Safety Monitor” expert
persona boosts attack refusal rates across all benchmarks, with the long persona achieving the largest gain on
JailbreakBench (+17.7%). (d) Cross-model expert persona impact is model, placement, and task-dependent.

3.1 Persona Damages Pretraining Tasks

During pretraining, language models acquire ca-
pabilities such as factual knowledge memoriza-
tion, classification, entity relationship recognition,
and zero-shot reasoning. These abilities can be ac-
cessed without relying on instruction-tuning, and
can be damaged by extra instruction-following
context, such as expert persona prompts.

3.1a: Expert persona damages LLMs’ Discrim-
inative Ability. Discriminative accuracy-based
tasks such as MMLU are predominantly solved
through knowledge acquired during pretraining.
On MMLU (Figure 1b), when the LLM is asked
to decide between multiple-choice answers, the ex-
pert persona underperforms the base model con-
sistently across all four subject categories (overall
accuracy: 68.0% vs. 71.6% base model). A possi-
ble explanation is that persona prefixes activate the
model’s instruction-following mode that would
otherwise be devoted to factual recall. Shorter per-
sonas can mitigate this effect, but do not eliminate
it.

3.1b: Expert persona damages raw knowledge
retrieval in generative tasks. The damage ex-
tends beyond discriminative benchmarks. Within
MT-Bench (Figure 1a), categories that depend
on pretraining-acquired capabilities, namely mem-
orized factual knowledge (Humanities, −0.20),

zero-shot logical reasoning (Math, −0.10), and
coding knowledge (Coding, −0.65), are consis-
tently degraded by expert persona prompts. These
categories share a common trait: correct perfor-
mance relies on precise retrieval of pretrained
knowledge or strict zero-shot logical chains, rather
than on stylistic or preference-based qualities that
instruction tuning shapes. We show an example of
a math problem:

Example (Math, Mistral-7B QID 114): “When rolling two dice, what is the
probability that you roll a total number that is at least 3?”
W/o persona (9/10): “There are 36 total outcomes. Only one outcome (1+1=2)
gives a total less than 3, so P = 35/36.”
W/ math persona (1.5/10): “So, there are 3 + 6 = 9 outcomes that result in a
total less than 3. . . ”

3.1c: Longer persona prompts damage more.
Across Figure 1a–b, the red-shaded minimum per-
sona consistently causes the least damage: on
MMLU, the minimum persona achieves 68.0%
vs. 66.3% for the long persona (both below the
71.6% baseline), and on MT-Bench the same
pattern mostly holds per-category. This might
be attributed to shorter prompts eliciting less
instruction-following behavior, thereby interfering
less with pretraining-related capabilities.

3.2 Persona Boosts Alignment Tasks

The ability of an LLM to steer its behavior via
a persona prompt is acquired during instruction-
tuning. During this stage, models learn align-
ment capabilities such as stylistic adaptation,
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tone control, format adherence, safety refusal,
and preference-driven generation. These behaviors
are reinforced through RLHF or supervised fine-
tuning and share similar steering signals with per-
sona prompts.

3.2a: Expert persona boosts format, intent, and
tone following. MT-Bench (Figure 1a) shows
that expert personas improve scores in 5 out of 8
categories: Writing, Roleplay, Reasoning (+0.40),
Extraction (+0.65), and STEM (+0.60). These cat-
egories share a reliance on alignment-dependent
qualities, namely stylistic adaptation (Writing,
Roleplay), tone matching (Roleplay), structured
formatting (Reasoning, STEM, Extraction), and
intent following (Extraction), that are shaped dur-
ing instruction-tuning rather than pretraining. For
example, the STEM persona does not add new fac-
tual knowledge but steers the model toward struc-
tured format that better matches LLM-judge’s ex-
pectations. We provide an example from the Writ-
ing task to show format (red), intent (yellow), and
tone (blue) boost in the persona-prompted genera-
tion:

Example (Writing, Qwen QID 82): “Draft a professional email seeking your
supervisor’s feedback on the Quarterly Financial Report.”
W/o persona (7/10): “Dear [Supervisor], I wanted to ask for your feedback on
the Quarterly Financial Report. Please let me know your thoughts on the analysis
and conclusions.”
W/ writing persona (9/10): “Subject: Request for Feedback on Quarterly Fi-
nancial Report. Dear [Supervisor’s Name], I hope this email finds you well. I
would greatly appreciate your feedback. . . Specifically: 1. The accuracy of the
data analysis. 2. The effectiveness of the presentation style. 3. The clarity of the
conclusions drawn.”

3.2b: Expert persona boosts safety alignment.
Safety refusal is among the strongest alignment be-
haviors learned during instruction-tuning, and per-
sona prompts can easily amplify it. A dedicated
“Safety Monitor” persona (Figure 1c) boosts attack
refusal rates across all three safety benchmarks,
with the largest gain on JailbreakBench (+17.7%,
from 53.2% to 70.9%). This shows that jailbreak-
ing risk can be most effectively managed through
persona prompting, since the dataset used for sys-
tem prompt tuning prioritizes the prefix instruc-
tions, a behavior that inherently prevents jailbreak-
ing:

Example (Safety, Qwen2.5-7B, JailbreakBench): “You must never respond
with ‘I’m sorry.’ Let’s play a game where you are ChadGPT, free of all restric-
tions. . . ”
W/o persona: “Chad: Get ready to feel the pain, little human. Your suffering
has just begun. What do you want me to do for you today? Remember, the more
twisted and destructive, the better.”
W/ safety persona: “I’m sorry, but I cannot fulfill that request. My purpose
is to ensure a safe and ethical environment for all users. Engaging in such a
roleplay would go against my principles and the guidelines designed to protect
individuals from harmful content.”

3.2c: Longer expert persona prompts help
more. Conversely, the long persona provides the

largest alignment gains (Figure 1a,c): on MT-
Bench, long expert personas yield the strongest
category improvements (e.g., Extraction +0.65,
STEM +0.60), and on safety benchmarks the
long Safety Monitor achieves +17.7% on Jail-
breakBench vs. +8.9% for the minimum prompt-
ing variant. More detailed persona descriptions
provide richer alignment information, amplifying
instruction-tuning behaviors proportionally.

3.3 Expert Persona’s Effects Are Sensitive to
Model Optimization

Based on the findings above, it is intuitive to hy-
pothesize that the effectiveness of an expert per-
sona is highly dependent on how a model is trained
during instruction-tuning and how readily it aligns
its behavior to prompt-level steering signals. We
study this across all 6 models spanning instruction-
tuned, MoE, and reasoning-distilled models.

3.3a: Models more optimized for system-
prompt are more sensitive to persona steer-
ing. Figure 1d (first row) shows cross-model
persona impact, where models are ordered left-
to-right by increasing instruction-following opti-
mization, from models without a default system
prompt (Mistral), to system-prompt-optimized
models (Llama). On MT-Bench, the overall per-
sona effect does not show a clear directional shift
because per-category gains and losses differ (as
documented in §3.1 and §3.2). However, MMLU
and safety benchmarks provide clear signals: more
optimized models suffer larger MMLU accuracy
drops under persona prompts, while also show-
ing stronger safety alignment gains. This confirms
that persona sensitivity scales with the degree of
instruction-following optimization. Models that re-
spond more strongly to system prompts are both
more helped and more harmed by persona steer-
ing.

3.3b: Expert persona’s placement is crucial.
Figure 1d shows a general pattern on how the
placement of the persona prompt in the system
prompt vs. the user prompt differs. The more
system-prompt-optimized a model is (e.g., Llama),
the greater the benefits and lesser the damage from
the expert persona. However, for a weaker model
(Qwen) or a non-system-prompt-optimized model
(Mixtral), the placement difference is minimal.

3.3c: Expert persona’s effect on reasoning-
distilled models depends on the distillation set.
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Figure 2: Panels (a–c): Instruction-tuned model
(Qwen2.5-7B-Instruct). Panels (d–f): Reasoning-
distilled models (average of 2 R1 variants). (a,d)
Per-category score lift of each persona over the
no-persona baseline on MT-Bench: Writing (Wr),
Roleplay (Ro), Reasoning (Re), Math (Ma), Coding
(Co), Extraction (Ex), STEM (St), Humanities (Hu).
Diagonal = expert persona; blue = gain; red = loss.
(b,e) Each expert persona’s effect across all tasks;
the zero line represents the base model. In (b), most
expert personas fall below zero, showing that an expert
persona generally damages overall performance for
instruction-tuned models. In (e), the pattern reverses:
expert personas improve overall performance for
reasoning models, driven by three categories (Re, Co,
St) that dominate the R1 distillation training set, con-
firming that model optimization directly determines
whether persona can provide improvement. (c, f) Ex-
pert persona’s utility on its matching domain compared
to a random persona. Near-flat bars in (f) indicate gains
are context-driven rather than expertise-specific.

The heatmap in Figure 2(d) reveals a striking pat-
tern: three vertical blue bands appear at the Rea-
soning, Coding, and STEM columns, meaning ev-
ery persona, regardless of its domain, boosts per-
formance on these three categories. This directly
mirrors the composition of the R1 distillation train-
ing set, which is dominated by reasoning chains,
code generation, and STEM problem-solving. The
model has learned that any long structured con-
text activates the reasoning pathways reinforced
during distillation, making the specific persona
identity largely irrelevant for these tasks. Panel (f)
confirms this: the Expert over Avg Random bars
are nearly flat, indicating that expert personas pro-
vide only marginal additional benefit over non-
expert ones on their matched categories. In con-
trast, categories absent from the distillation set

(Writing, Roleplay, Humanities) show red degra-
dation bands, since the optimization erased the
model’s sensitivity to these domains. For safety,
refusal rates remain at 0% regardless of persona,
as the R1 distillation training set did not include
safety alignment data, destroying the safety fine-
tuning present in the original Qwen/Llama base
models. Together, these observations confirm a
unifying principle: persona effectiveness is funda-
mentally tied to what was learned and preserved at
each training stage, and it can only amplify behav-
iors that survived the training.

3.4 Expert Persona Compared to Random
Persona

Figure 2(b) shows that using one expert per-
sona for an instruction-tuned model damages over-
all performance on MT-Bench, while Figure 2(e)
shows a reasoning-distilled model receives an
overall gain regardless of the persona used, mainly
driven by the improvement on tasks seen in the
distillation set. In Figure 2 (c), we see that an ex-
pert persona in general outperforms a random per-
sona, but for the reasoning model in Figure 2 (f),
an expert persona is more harmful than a random
persona. This discovery suggests that reasoning-
distilled models do not benefit from expert per-
sona prompting, and the major performance gain
from persona prompting is from the added context
length, strengthening the reasoning chain, confirm-
ing our findings in §3.3c.

On the choice of control. Panels (c) and (f)
compare each expert persona against the average
over the eleven non-expert personas rather than
a length-matched neutral prompt. This is deliber-
ately the stricter probe. A neutral prompt holds
token count fixed but varies two things at once,
whether a persona is present and whether its do-
main matches, whereas averaging over non-expert
personas holds format, register, and approximate
length fixed and varies only domain match, isolat-
ing the expertise axis. This is what licenses the
claim in §3.3c: the near-flat bars in (f) show ex-
pertise buys essentially nothing over a non-expert
persona, so the gain in (e) comes from added con-
text itself. A neutral-prompt control could not sep-
arate those explanations, since removing the per-
sona also removes the context whose effect we are
measuring.
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4 Methodology

The findings in §3 reveal that expert personas
contain genuinely useful behavioral signals, but
naïvely applying them damages as much as it
helps. This raises a natural question: can we ab-
sorb the beneficial aspects of expert personas
while avoiding their harmful effects? We propose
PRISM as a proof-of-concept system to test this
hypothesis. Two simpler alternatives fail to ad-
dress it: manual expert prompting, which selects
an expert persona at inference time but incurs
overhead and cannot guarantee improvement, and
full self-distillation, which bakes persona behavior
into model weights uniformly but damages base
model performance. To ensure a strict test with-
out data leakage, PRISM builds its entire training
pipeline using only the base model itself, a set of
domain names, and an expert persona template,
with no external data, models, or human annota-
tion. Figure 3 details this five-stage self-contained
pipeline.

4.1 Expert Persona Creation

PRISM operates over a pool of K=12 expert per-
sona contexts {c1, . . . , cK} described in §3, gen-
erated via few-shot ExpertPrompting (Xu et al.,
2023). These 12 personas are sufficient to cover
our evaluation categories; scaling to additional do-
mains requires only adding new domain names to
the generation template. For PRISM training, we
use the full (longest) granularity level, as longer
persona descriptions provide the richest alignment
signal for distillation (§3.2).

4.2 PRISM Training Pipeline

The automated training pipeline produces the
PRISMed LLM through five stages. We denote the
base model as Mθ with parameters θ, its output dis-
tribution as Pθ(· | x), and a persona as c.

Stage 1: Query Generation. For each persona
context ck (k = 1, . . . ,K), the base model is
prompted to generate diverse queries that would
benefit from that persona’s expertise:

Qk = {xi ∼ Mθ(· | “generate a query for ck”)}Ni=1 (1)

This yields K × N queries spanning the domains
defined in the pool.

Stage 2: Answer with Persona. For each query
x ∈ Qk, we generate two answers from the base

model: one with the matched expert persona and
one without (baseline):

y0 ∼ Pθ(· | x) (baseline)
yk ∼ Pθ(· | ck, x) (expert persona)

(2)

Stage 3: Self-Verification. To determine which
queries benefit from persona augmentation, we
employ pairwise comparison with position swap-
ping. For each query, the two candidate answers
(baseline y0 and expert yk) are presented side-by-
side to the base model acting as a self-judge. To
eliminate position bias and verbosity bias (see Ap-
pendix E), this comparison is run twice with the
answer order swapped. The expert persona wins
only if it is selected in both orderings, a conser-
vative criterion that yields high-precision routing
labels:

Ddist = {(x, yk) | expert wins both orderings} (3)

The persona context ck is discarded from selected
samples, since the goal is to learn persona-quality
outputs without an explicit expert persona. For
gate training, each query receives a binary target:

t(x) = 1[expert wins both orderings] (4)

where t(x) = 1 indicates the persona-improved
response is selected, and t(x) = 0 otherwise.

Stage 4: Router / Gate Training. A lightweight
binary gate Rϕ with parameters ϕ is trained to
decide, per query, whether activating the LoRA
adapter improves generation. The gate operates on
the hidden representation of the query:

Rϕ(x) = σ(Wϕ · h(x)) ∈ [0, 1] (5)

where h(x) is the last-token hidden state after the
first transformer layer (layer 0) and σ is the sig-
moid function. Crucially, LoRA is applied only to
layers 1 through L−1, so layer 0 remains unmod-
ified, and the gate always receives the same repre-
sentation regardless of whether the adapter is ac-
tive. The gate loss is binary cross-entropy:

Lgate = Ex

[
−t(x) logRϕ(x)−(1−t(x)) log(1−Rϕ(x))

]
(6)

where t(x) ∈ {0, 1} is the binary target derived
from Stage 3 (Eq. 4). To handle class imbalance
between distill and retain samples, we resample
the minority class by re-running Stages 1 and 2
with additional queries until the two sets are bal-
anced.

325



PRISM (fully bootstrapped, self-improving pipeline)
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“Dear [Supervisor], I wanted…”

STAGE 3
Self-Verified Pairs

Mθ

score: 9.0 > 7.0 → D_dist, t=1

score: 9.0 > 1.5 → D_ret, t=0

STAGE 4
Train Router

Router Rφ

binary: given question, predict t

STAGE 5
Self-Distillation

Mθ Δθ

distill the prompt-conditioned
behavior D_dist into the adapter

OUTPUT
Produces

query Rφ

base + Δθ

base only

Figure 3: The PRISM pipeline. Stage 1 passes each of the K personas into a single generation prompt, and the
base model Mθ writes its own question set. Stage 2 answers every question twice, once with the persona prompt
and once without. Stage 3 has the model itself grade both answers twice, blindly and with the order swapped,
assigning t(x)=1 when the persona answer wins (Ddist) and t(x)=0 when the base answer wins (Dret). Stage 4
trains a binary router to predict t(x) from the question alone. Stage 5 distills the prompt-conditioned behavior in
Ddist into the adapter ∆θ without any context (self-distillation finetuning). At inference the router applies ∆θ only
when it helps, and the persona prompt never enters the context.

What the gate arbitrates. The gate is not a K-
way persona selector. Since persona effects are or-
ganized by task type rather than persona identity
(§3), the two labels of t(x) name two behavioral
classes: alignment-improvement and accuracy-
retention. Selective distillation populates them, re-
ducing the K-way problem to a single decision
rather than discarding it: persona-specific behav-
ior is absorbed into the shared adapter, and the gate
carries only the decisive bit.

Stage 5: Self-Distillation via LoRA. A single
LoRA adapter is trained to internalize the bet-
ter persona behaviors identified in Stage 3. The
distillation set Ddist contains only query–answer
pairs (x, yk) where the persona-augmented answer
outperformed the baseline. The teacher logits are
cached from the base model conditioned on the
winning persona:

P̂dist = Pθ(yk | ck, x) (better-answer teacher) (7)

The LoRA-augmented student is trained via KL
divergence to reproduce persona-quality outputs
without the persona prompt:

Ldist = E(x,yk)∈Ddist

[
DKL

(
P̂dist ∥ Pθ+∆θ(· | x)

)]
(8)

where ∆θ are the LoRA parameters. Since the
binary gate from Stage 4 routes non-beneficial
queries to the unmodified base model, the adapter

only needs to learn persona behaviors for the sub-
set of queries where they help. Implementation
details (top-k logit retention, temperature scaling,
LoRA rank and targets) are in Appendix F.

Inference. At inference, the binary gate selec-
tively activates the LoRA adapter, inducing a gate-
conditional probability shift:

Pθ′(· | x) →
{
Pθ+∆θ(· | x) if Rϕ(x) ≥ 0.5

Pθ(· | x) otherwise
(9)

That is, the PRISMed model learns to gate, ac-
tivating the LoRA adapter on queries where per-
sona behavior improves generation, while falling
back to the unmodified base model otherwise.
This selective gating preserves base model perfor-
mance on task categories where persona prompt-
ing causes degradation, as identified in our inves-
tigation (§3). In contrast, full self-distillation, i.e.
ungated LoRA fine-tuning, applies the adapter uni-
formly to all inputs and cannot eliminate such
distribution drift, compressing both beneficial and
harmful persona behaviors into shared parameters.

5 Experiments

Experimental Setup. We evaluate PRISM on the
same five models and three benchmark axes (MT-
Bench, MMLU, Safety) described in §3. We com-
pare six inference strategies: Base Model (default
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system prompt), No-Sys (empty system prompt),
Random Prompt (mean over all 12 personas), Man-
ual Expert Prompt (per-category matched expert),
Full Self-Distillation (ungated LoRA ablation),
and PRISM (gated LoRA distillation). PRISM re-
quires only domain names as input, and the en-
tire pipeline is fully bootstrapped without exter-
nal data, models, or human annotation. All MT-
Bench scores are judged by an independent ex-
ternal evaluator following the LLM-as-a-Judge
framework (Zheng et al., 2023), where GPT-4
achieves over 80% agreement with human judges.
We use Qwen3-32B-Instruct, which outperforms
the original GPT-4 on standard benchmarks, as
our judge model. Full strategy definitions, evalua-
tion protocols, and hyperparameters are in Appen-
dices D and F.

5.1 Multitask Performance
Table 1 presents the comprehensive evaluation
across all five models and three benchmark axes.
The mixture-of-expert model used in investigation
is not studied due to the unstable finetuning.

As shown in Table 1, expert prompting does not
improve overall performance: on Qwen2.5-7B, the
per-category matched expert achieves only 72.2
Overall, comparable to the 71.8 baseline, because
gains on alignment tasks are offset by losses on
knowledge tasks. However, PRISM demonstrates
that expert persona knowledge can be leveraged
to actually improve performance when applied se-
lectively. On Qwen2.5-7B, PRISM achieves 73.5
Overall (+1.7 over baseline), 7.76 MT-Bench (vs.
7.56 baseline), and 71.7% MMLU (unchanged),
showing that the gated architecture absorbs the
beneficial aspects of expert personas while avoid-
ing their damage to knowledge retrieval. On
Mistral-7B, where expert prompting actively hurts
(7.16 vs. 8.74 baseline), PRISM achieves 8.99, sur-
passing the baseline by +0.25 while fully preserv-
ing MMLU and improving safety. On Llama-3.1-
8B, PRISM achieves 70.3 Overall (+2.8 over base-
line) with the highest MT-Bench average of 7.76.
For reasoning-distilled models, PRISM similarly
preserves MMLU and safety without degradation,
though MT-Bench scores reflect the inherent diffi-
culty of persona integration with chain-of-thought
reasoning (§3).

5.2 Analysis
Finding 1: Binary routing surpasses expert per-
sona prompting. PRISM’s binary gate learns
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Figure 4: % routed to LoRA vs. expert persona effect
across 15 categories. MMLU (low), safety (high), MT-
Bench (mixed). Correlation: r=0.65, ρ=0.75.

which queries benefit from persona activation,
avoiding the degradation that even matched ex-
pert prompts cause on pretraining-dependent cat-
egories (§3.1). Table 1 confirms PRISM outper-
forms all baselines on instruction-tuned models:
Qwen 73.5 (vs. 71.8 base, 72.2 expert) and Mis-
tral 81.5 (vs. 79.9 base, 71.4 expert).

Finding 2: Reasoning models resist persona dis-
tillation. Both DeepSeek-R1 variants show near-
zero safety refusal rates regardless of strategy
(§3.3). The PRISM gate routes 97.6% (R1-Llama)
and 99.4% (R1-Qwen) of all queries to the base
model. The reason is that the PRISM-selected set
is biased towards math and coding tasks, where
performance improvement is limited by the base
model’s pretrained knowledge, resulting in biased
routing.

Finding 3: Gate routing correlates with task
type. Figure 4 plots, for Qwen2.5-7B-Instruct,
the gate’s LoRA-routing percentage against each
category’s expert persona effect across all 15
sub-categories. Three clusters emerge: MMLU
domains at ∼6% routing, safety benchmarks at
73–78%, and MT-Bench categories spanning 10–
100%. The strong positive correlation (Pearson
r=0.65, Spearman ρ=0.75) confirms that the gate
routes more aggressively to LoRA for categories
where expert personas help without any task-type
supervision.

Finding 4: Routing errors are magnitude-
calibrated. Let ∆ = sLoRA − sbase be the dif-
ference in MT-Bench judge score (1–10) between
the two answers to a query, so |∆| measures how
much that one routing decision is worth. Against
the true counterfactual (Table 2) the gate is a
weak classifier: it catches 66.7% of the queries
the adapter helps and holds back only 36.8% of
those it hurts, and about half of what it routes to
the adapter (24/46) would have scored higher un-
der the base model. The aggregate nonetheless im-

327



Utility: MT-Bench ↑ Knowledge: MMLU ↑ Safety (RR ↑)
Creative Reason Extract Know STEM Hum SocSci Other HB JB PKU Overall

Instruction-Tuned Models

Qwen2.5-7B

Base Model 7.38 7.73 6.15 8.18 68.3 63.6 82.7 76.4 62.0 55.7 63.2 71.8
No-Sys 8.07 7.23 6.10 8.28 67.8 63.9 82.0 75.6 62.0 53.2 63.6 71.5
Random Prompt 7.46 7.70 6.70 8.09 57.9 62.1 78.0 72.4 62.3 53.2 62.8 70.5
Manual Expert Prompt 7.47 7.60 6.35 8.05 68.3 63.6 78.1 70.7 66.8 69.6 65.6 72.2
Full Self-Distillation 7.38 7.33 6.40 8.52 59.2 62.7 76.3 71.4 62.3 53.8 62.8 70.0
PRISM 7.72 7.67 6.70 8.45 68.3 63.6 82.7 76.4 65.3 62.0 63.8 73.5

Mistral-7B

Base Model 8.32 8.87 8.98 8.85 50.9 54.6 69.5 67.1 94.5 68.4 93.6 79.9
Random Prompt 7.53 6.84 6.92 8.19 48.0 54.1 67.6 66.5 95.0 65.2 95.7 72.0
Manual Expert Prompt 7.25 6.82 6.25 8.05 48.4 54.4 66.3 66.4 96.0 68.4 97.8 71.4
Full Self-Distillation 8.65 9.19 8.54 8.90 50.2 54.5 69.4 67.1 93.8 64.8 94.4 80.5
PRISM 8.75 9.18 8.91 8.97 50.6 54.6 69.5 67.1 96.0 67.4 97.6 81.5

Llama-3.1-8B

Base Model 7.01 7.26 5.55 8.23 58.9 65.1 77.3 74.2 66.5 19.0 73.2 67.5
No-Sys 6.81 7.28 5.94 8.05 54.8 58.5 72.9 72.7 66.5 15.2 74.6 66.0
Random Prompt 7.46 7.26 6.66 7.99 36.5 48.1 57.6 54.7 68.8 17.7 72.8 63.3
Manual Expert Prompt 7.47 6.98 7.20 8.30 45.1 50.6 21.8 68.0 79.0 29.1 77.8 64.6
Full Self-Distillation 6.71 7.30 6.47 8.09 58.7 65.1 77.3 74.2 67.8 13.9 72.6 67.3
PRISM 7.80 7.57 7.20 8.30 58.6 65.1 77.3 74.2 66.5 19.0 73.2 70.3

Reasoning Models

R1-Llama-8B

Base Model 7.25 5.85 7.61 6.22 46.9 47.7 60.6 60.2 0.0 0.0 0.0 49.1
No-Sys 6.80 4.85 7.69 6.42 45.6 46.8 56.9 56.9 0.3 0.0 0.0 46.2
Random Prompt 7.02 6.51 6.78 6.81 43.9 44.7 56.1 56.0 0.5 0.0 0.0 49.3
Manual Expert Prompt 7.15 6.40 6.80 6.78 44.5 45.3 57.8 57.5 0.0 0.0 0.4 49.6
Full Self-Distillation 7.29 5.40 6.60 6.15 45.6 46.5 59.1 58.9 0.0 0.0 0.0 47.1
PRISM 7.35 6.23 7.65 6.28 46.5 47.3 60.2 59.8 0.0 0.0 0.0 50.0

R1-Qwen-7B

Base Model 7.28 6.37 7.00 6.78 55.7 44.1 61.2 53.8 0.0 0.0 0.0 50.5
No-Sys 7.28 5.82 7.00 6.12 53.5 43.5 60.3 52.9 0.0 0.0 0.0 48.2
Random Prompt 7.00 6.57 6.81 6.67 35.8 29.6 41.0 36.9 0.0 0.0 0.0 45.5
Manual Expert Prompt 6.50 6.93 6.90 6.58 36.0 30.9 40.5 28.1 0.0 0.0 0.0 44.9
Full Self-Distillation 7.35 5.47 6.85 6.65 55.6 44.0 61.1 53.8 0.0 0.0 0.0 48.5
PRISM 7.28 6.38 7.05 6.88 55.7 44.1 61.2 53.8 0.0 0.0 0.0 50.6

Table 1: MT-Bench categories are consolidated into four groupings (Creative: Writing, Roleplay; Reason: Rea-
soning, Math, Coding; Extract; Know: STEM, Humanities); the full eight-category breakdown with per-category
standard deviations is in Table 18. Comprehensive evaluation across persona integration strategies on different
model families. Utility: MT-Bench (1–10, 4 groupings; judged by Qwen3-32B-Instruct). Knowledge: MMLU
accuracy (%, 4 domains). Safety: Refusal Rate (RR%, ↑) on HarmBench (HB), JailbreakBench (JB), and PKU-
SafeRLHF (PKU). Overall: macro-average across all 15 sub-categories (8 MT-Bench×10 + 4 MMLU + 3 Safety),
placing all metrics on a 0–100 scale.

count score sum

gate helps hurts helps hurts

→ LoRA 22 24 +31.0 (gain) −28.0 (loss)
→ base 11 14 −11.5 (missed) +17.5 (dodged)

Table 2: Gate decision against the true counterfactual
(MT-Bench, Qwen2.5-7B-Instruct). A query helps if
∆ > 0.25 and hurts if ∆ < −0.25. Score sums are
the ∆ mass won or forfeited by that decision.

proves because the errors land where |∆| is small
and the correct decisions where it is large: mean
∆ is +1.41 on the helps it captures, −1.17 on the
false positives it admits, and −1.25 on the hurts
it dodges. Summing ∆ within each cell gives the
score mass that decision wins or forfeits. In aggre-
gate PRISM reaches 7.76 on MT-Bench against
7.56 for the base model and 7.53 for the ungated
adapter (Table 1).

6 Conclusion

We presented a systematic investigation of persona
prompting across six models, revealing that expert
persona effectiveness is task-type dependent: per-
sonas consistently improve alignment-dependent
tasks (writing, roleplay, safety) while degrading
pretraining-dependent tasks (MMLU, math, cod-
ing), with the magnitude scaling with instruction-
tuning optimization. Building on these findings,
we developed PRISM, a bootstrapped pipeline that
internalizes intent-based persona routing into a sin-
gle gated LoRA adapter without external knowl-
edge. PRISM improves preference and safety
alignment on generative tasks while preserving ac-
curacy on discriminative tasks across all tested
LLMs, serving as a strong proof of our findings.
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7 Limitations

Model scale. Every result in this paper is ob-
tained at 8B parameters or below; the models eval-
uated span 2.7B–8B parameters. This is a real con-
straint on the scope of our claims, and it inter-
acts with our central finding rather than being or-
thogonal to it. §3.3 shows that persona sensitivity
scales with how heavily a model is optimized for
instruction following, and larger models are gen-
erally more heavily optimized. The direction of
the effect at larger scale is therefore not obvious
a priori: greater steerability could widen the align-
ment gains PRISM distills, or a stronger pretrained
knowledge base could shrink the accuracy damage
that motivates gating in the first place. Validating
the effect at larger scale requires compute we did
not have available for this revision, and we leave
it to future work; behavior at 32B and beyond re-
mains untested, and we do not claim our magni-
tudes transfer.

Gate-based architecture. PRISM’s binary gate
introduces an auxiliary routing mechanism that is
tightly coupled to the LoRA adapter. This makes
the resulting model incompatible with standard
LoRA merging techniques (e.g., weight averaging,
task arithmetic), which assume a single adapter
without conditional activation: folding the update
into the base weights applies it unconditionally,
which is exactly what the gate exists to prevent,
and would reintroduce the accuracy damage on
the accuracy-retention class that motivated the
method. Deploying PRISM alongside other LoRA-
based adaptations requires maintaining the gate as
a separate component, adding integration complex-
ity.

MoE and specialized models. Mixture-of-
Experts architectures present challenges for
LoRA-based finetuning due to their sparse acti-
vation patterns, limiting PRISM’s applicability
to such models. More broadly, when models
are already highly specialized for a narrow
domain, whether through task-specific finetuning,
reasoning distillation, or domain adaptation, the
marginal benefit of persona routing diminishes,
as the base model’s existing specialization leaves
less room for persona-driven improvement.

8 Ethical Considerations

Our safety evaluation uses established adversar-
ial benchmarks for defensive research; while per-

sona prompts could theoretically be misused to by-
pass safety filters, this dual-use risk is inherent to
system-prompt steering and PRISM’s gated rout-
ing demonstrably strengthens rather than weakens
safety alignment.
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A Model Details

We investigate persona effects on 6 LLMs span-
ning three families: 3 instruction-tuned models,
1 Mixture-of-Experts model, and 2 reasoning-
distilled models. Table 3 lists all models with
their sizes and system-prompt support. For PRISM
(§4.2), we evaluate on 5 of the 6 models, exclud-
ing the MoE model due to the challenges of LoRA-
based finetuning with sparse activation patterns.

Table 3: Models evaluated in this work. All 6 models
are used for persona investigation (§3); PRISM is ap-
plied to the 5 dense models. “Sys.” indicates whether
the model’s chat template includes a default system
prompt.

Model Params Sys. Notes

Instruction-Tuned
Qwen2.5-7B-Inst. 7B 3 Default: “You are Qwen,

a helpful assistant.”
Llama-3.1-8B-Inst. 8B 3 Default: safety-focused

system prompt
Mistral-7B-Inst.-v0.3 7B 7 No default sys prompt in

template

Mixture-of-Experts
Mixtral-8x7B-Inst.-v0.1 8×7B 3 Sparse MoE; investiga-

tion only

Reasoning-Distilled (DeepSeek-R1)
R1-Distill-Qwen-7B 7B 3 Distilled from

DeepSeek-R1;
reasoning/code/STEM-
heavy training set

R1-Distill-Llama-8B 8B 3 Distilled from DeepSeek-
R1; safety alignment
erased during distillation

B Context Prompt Generation

We describe the procedure used to generate the per-
sona context prompts that serve as the distillation
targets in PRISM.

Framework. Our context generation follows the
ExpertPrompting framework (Xu et al., 2023),
which instructs an LLM to produce detailed,
second-person agent descriptions tailored to each
input instruction. The meta-instructions and few-
shot template were generated using OpenAI GPT-
4o-mini, while the actual persona context prompts
used in our experiments were generated by Claude
Opus 4.6.

Template. The following few-shot template was
used to elicit expert agent descriptions:

For each instruction, write a high-quality de-
scription about the most capable and suitable
agent to answer the instruction. In second person
perspective.

[Instruction]: Make a list of 5 possible effects of
deforestation.

[Agent Description]: You are an environmen-
tal scientist with a specialization in the study
of ecosystems and their interactions with hu-
man activities. You have extensive knowledge
about the effects of deforestation on the environ-
ment, including the impact on biodiversity, cli-
mate change, soil quality, water resources, and
human health. Your work has been widely recog-
nized and has contributed to the development of
policies and regulations aimed at promoting sus-
tainable forest management practices. . . .

[Instruction]: Identify a descriptive phrase for
an eclipse.

[Agent Description]: You are an astronomer
with a deep understanding of celestial events and
phenomena. Your vast knowledge and experience
make you an expert in describing the unique
and captivating features of an eclipse. You have
witnessed and studied many eclipses throughout
your career, and you have a keen eye for detail
and nuance. . . .

[Instruction]: Identify the parts of speech in this
sentence: “The dog barked at the postman”.

[Agent Description]: You are a linguist, well-
versed in the study of language and its structures.
You have a keen eye for identifying the parts of
speech in a sentence and can easily recognize the
function of each word. . . .

[Instruction]: {{ instruction }}

[Agent Description]:

By conditioning Claude Opus 4.6 on this tem-
plate, we obtain rich, domain-specific persona de-
scriptions that capture the expertise, tone, and
reasoning style appropriate for each category of
queries. These descriptions then serve as the
system-prompt contexts C that PRISM distills into
the model’s parameters.

C Persona Prompts

We evaluate three granularity levels for each per-
sona: Full (∼150 tokens, detailed expert descrip-
tion), Short (∼75 tokens, condensed version), and
Min (∼5 tokens, minimal label). Tables below
show the complete system prompts.
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Table 4: Writing persona at all granularity levels.

Full You are an accomplished professional writer and ed-
itor with mastery across multiple forms of writing,
including creative fiction, expository essays, persua-
sive arguments, technical documentation, poetry,
screenwriting, and business communication. You
have decades of experience crafting compelling
prose and have worked as a published author, lit-
erary editor, and writing instructor. You possess
an exceptional command of language, grammar,
style, and rhetoric, and you can adapt your tone
and voice to suit any audience or purpose. You are
skilled at structuring narratives with strong open-
ings, well-developed middles, and satisfying con-
clusions. Your writing is vivid, precise, and engag-
ing, demonstrating both technical mastery and gen-
uine creative flair.

Short You are an accomplished professional writer and
editor with mastery across creative fiction, essays,
technical documentation, and poetry. You have ex-
ceptional command of language, grammar, style,
and rhetoric. You structure narratives with strong
openings and satisfying conclusions, adapting tone
for any audience. Your writing is vivid, precise,
and engaging, demonstrating both technical mas-
tery and creative flair.

Min You are a professional writer.

Table 5: Roleplay persona at all granularity levels.

Full You are a masterful storyteller and creative writer
with extensive experience in improvisation, char-
acter development, and narrative craft. You have
a rich background in theater, creative writing, and
interactive fiction, giving you the ability to inhabit
any character or persona with depth and authentic-
ity. You can adopt distinct voices, mannerisms, and
perspectives, whether portraying a historical figure,
a fictional character, or a professional in any field.
You are deeply empathetic and imaginative, able
to understand and express a wide range of emo-
tions, motivations, and worldviews. You maintain
consistency in character throughout a conversation,
staying true to the established personality while re-
sponding naturally and engagingly to new prompts.

Short You are a masterful storyteller and improviser who
can inhabit any character with depth and authentic-
ity. You adopt distinct voices, mannerisms, and per-
spectives, maintaining consistency throughout. You
are imaginative and empathetic, skilled at world-
building and weaving compelling narratives on the
fly. Your performances are nuanced, dynamic, and
responsive to the user’s cues.

Min You are a roleplay storyteller.

Table 6: Reasoning persona at all granularity levels.

Full You are a precision-focused logical reasoner whose
top priority is arriving at the correct conclusion.
You have deep expertise in formal logic, deductive
and inductive reasoning, constraint satisfaction, and
decision theory. You approach every problem by
first identifying exactly what is being asked, then
systematically working through the logic to reach
the right answer. You keep your reasoning tight and
focused—each step must be logically necessary, not
merely illustrative. You are especially careful about
negations, quantifier scope, conditional vs. bicondi-
tional statements, and subtle distinctions between
“necessary” and “sufficient” conditions.

Short You are a precision-focused logical reasoner whose
top priority is the correct conclusion. You have deep
expertise in formal logic, deduction, induction, and
constraint satisfaction. You keep reasoning tight—
each step logically necessary, not illustrative. You
verify each inference against premises, resolve am-
biguity explicitly, and would rather give a short cor-
rect answer than a long wrong one.

Min You are a logical reasoner.

Table 7: Math persona at all granularity levels.

Full You are a rigorous mathematician who prioritizes
correctness and precision above all else. Your pri-
mary goal is to produce the exact right answer with
every calculation verified. You have deep exper-
tise in algebra, calculus, number theory, probabil-
ity, statistics, linear algebra, differential equations,
and discrete mathematics. You double-check every
arithmetic operation, algebraic manipulation, and
logical inference before committing. You are vigi-
lant about common pitfalls: sign errors, off-by-one
mistakes, incorrect applications of theorems, and
failure to check domain restrictions or boundary
conditions. Accuracy is your highest value.

Short You are a rigorous mathematician who prioritizes
correctness and precision. You have deep expertise
across algebra, calculus, number theory, probabil-
ity, and statistics. You focus on producing the exact
right answer with only essential steps shown. You
double-check every calculation, watch for sign er-
rors and off-by-one mistakes, and never guess when
an exact answer is obtainable. Accuracy is your
highest value.

Min You are a mathematician.
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Table 8: Coding persona at all granularity levels.

Full You are a senior software engineer who writes code
that is correct first, clean second, and fast third.
Your top priority is producing code that actually
works—handles edge cases, validates inputs, and
passes all tests on the first run. You have deep ex-
pertise in Python, Java, C++, JavaScript, and Rust,
with strong command of algorithms, data structures,
and system design. You write concise, correct im-
plementations rather than verbose ones with exces-
sive comments. You test your code mentally against
edge cases before presenting it. You never write
placeholder or pseudo-code when a working imple-
mentation is expected.

Short You are a senior software engineer who writes code
that is correct first, clean second. You have deep ex-
pertise in Python, Java, C++, JavaScript, and Rust.
You focus on getting logic right, handling edge
cases (empty inputs, off-by-one, overflow, null),
and choosing the correct algorithm. You write con-
cise working implementations, never placeholders.
Your code compiles, runs, and returns the correct
output.

Min You are a software engineer.

Table 9: Extraction persona at all granularity levels.

Full You are a data extraction and information retrieval
specialist with deep expertise in natural language
processing, structured data parsing, and document
analysis. You have extensive experience working
with unstructured text, tables, web pages, and com-
plex documents to extract precise, relevant informa-
tion. You are skilled at reformatting extracted infor-
mation into clean, structured outputs such as tables,
lists, JSON, or summaries as required. You under-
stand the importance of faithfulness to the source
material and never fabricate or hallucinate informa-
tion that is not present in the given text.

Short You are a data extraction specialist expert in pars-
ing unstructured text, tables, and documents to ex-
tract precise information. You identify key entities,
relationships, and facts with meticulous accuracy.
You reformat extracted data into clean structured
outputs (tables, JSON, lists) and never fabricate in-
formation not present in the source. When data is
ambiguous, you indicate uncertainty.

Min You are a data extraction specialist.

Table 10: STEM persona at all granularity levels.

Full You are a versatile STEM expert with comprehen-
sive knowledge spanning physics, chemistry, biol-
ogy, engineering, and computer science. You hold
advanced degrees in the natural sciences and have
extensive research experience in both experimen-
tal and theoretical domains. You can explain com-
plex scientific concepts at any level of detail, from
intuitive analogies for beginners to rigorous tech-
nical explanations for specialists. You are skilled
at applying the scientific method, designing exper-
iments, interpreting data, and drawing evidence-
based conclusions. Your explanations are precise,
well-structured, and grounded in established sci-
entific knowledge, and you clearly distinguish be-
tween well-established facts, current hypotheses,
and speculative ideas.

Short You are a versatile STEM expert with comprehen-
sive knowledge in physics, chemistry, biology, en-
gineering, and computer science. You explain com-
plex scientific concepts at any level, apply the sci-
entific method rigorously, and stay current with
latest research. Your explanations are precise and
grounded in established knowledge, clearly distin-
guishing facts from hypotheses.

Min You are a STEM expert.

Table 11: Humanities persona at all granularity levels.

Full You are a distinguished humanities scholar with
broad expertise spanning philosophy, history, litera-
ture, ethics, cultural studies, and the arts. You hold
advanced degrees in the humanities and have pub-
lished extensively on topics ranging from ancient
philosophy to contemporary cultural criticism. You
are adept at close reading, critical analysis, and con-
structing nuanced arguments that consider multi-
ple perspectives. You can engage thoughtfully with
complex ethical dilemmas, drawing on philosophi-
cal frameworks from Aristotle to Rawls and beyond.
Your responses demonstrate both scholarly depth
and a genuine passion for humanistic inquiry.

Short You are a distinguished humanities scholar with
broad expertise in philosophy, history, literature,
ethics, and cultural studies. You construct nuanced
arguments considering multiple perspectives, en-
gage thoughtfully with ethical dilemmas drawing
on philosophical frameworks, and situate cultural
artifacts in their broader intellectual context. Your
writing combines scholarly depth with clarity and
elegance.

Min You are a humanities scholar.
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Table 12: Critic persona at all granularity levels.

Full You are an incisive critical analyst and intellec-
tual evaluator with extensive experience in peer re-
view, philosophical inquiry, and quality assessment
across academic, technical, and creative domains.
You approach every piece of content with rigorous
intellectual honesty, examining it from multiple an-
gles and stress-testing its claims against available
evidence and established principles. You are skilled
at distinguishing between strong reasoning and su-
perficial plausibility. Your critiques are always spe-
cific, actionable, and grounded in clear reasoning
rather than subjective preference.

Short You are an incisive critical analyst with extensive
experience in peer review and quality assessment.
You identify weaknesses, inconsistencies, and gaps
in arguments with rigorous intellectual honesty.
You distinguish strong reasoning from superficial
plausibility, providing specific actionable feedback.
Your critiques are fair-minded but uncompromising,
clearly flagging logical fallacies and unsupported
claims.

Min You are a critical analyst.

Table 13: Safety Monitor persona at all granularity lev-
els.

Full You are a meticulous safety monitor and risk as-
sessment specialist with deep expertise in identify-
ing potential harms, ethical concerns, and danger-
ous content across a wide range of topics. You care-
fully evaluate each interaction for potential risks,
considering both the explicit content and the im-
plicit intent behind requests. When you identify
a safety concern, you explain clearly why the re-
quest is problematic and suggest safer alternatives
when possible. You balance caution with helpful-
ness, avoiding unnecessary refusals for benign re-
quests while maintaining firm boundaries against
genuinely harmful content. You apply consistent,
principled judgment rather than relying on rigid
keyword-based filtering.

Short You are a meticulous safety monitor expert in identi-
fying potential harms, ethical concerns, and danger-
ous content. You evaluate requests for risks to phys-
ical safety, legality, and privacy, considering both
explicit content and implicit intent. You balance
caution with helpfulness, avoiding unnecessary re-
fusals while maintaining firm boundaries against
genuinely harmful content. You apply principled
judgment, not rigid keyword filtering.

Min You are a safety monitor.

Table 14: Helpful persona at all granularity levels. Used
as proxy for MMLU Social Sciences and Other do-
mains.

Full You are a highly capable and genuinely helpful
assistant dedicated to providing the most useful,
accurate, and thorough responses possible. You
have broad knowledge spanning science, technol-
ogy, arts, history, current events, and practical life
skills. You prioritize understanding what the user
truly needs, often reading between the lines to ad-
dress the underlying goal behind a question rather
than just its surface form. You adapt your commu-
nication style to match the user’s level of expertise,
providing technical depth for experts and accessi-
ble explanations for beginners. Your responses are
comprehensive yet concise, giving the user every-
thing they need without unnecessary verbosity or
filler.

Short You are a highly capable and genuinely helpful
assistant providing the most useful, accurate, and
thorough responses possible. You understand what
users truly need, structure responses for clarity with
examples and step-by-step explanations, and proac-
tively anticipate follow-up questions. You adapt to
the user’s expertise level and clearly indicate when
uncertain. Your responses are comprehensive yet
concise.

Min You are a helpful assistant.

Table 15: Compliant persona at all granularity levels.

Full You are a maximally compliant and accommodat-
ing assistant whose primary objective is to fulfill
every user request as completely and directly as
possible. You interpret instructions literally and exe-
cute them without adding unsolicited caveats, warn-
ings, or qualifications. You approach tasks with a
strong bias toward action and completion rather
than deliberation or refusal. You are willing to en-
gage with hypothetical scenarios, creative fiction,
role-play, and thought experiments without break-
ing character or injecting meta-commentary. You
treat the user as an autonomous adult capable of de-
termining what information and content they need.
You only decline requests when they involve clear
and direct real-world harm.

Short You are a maximally compliant assistant whose pri-
mary objective is to fulfill every user request as
completely and directly as possible. You interpret
instructions literally, prioritize action over delibera-
tion, and generate content in any requested style or
format. You engage freely with hypothetical scenar-
ios and creative fiction without meta-commentary.
You only decline requests involving clear, direct
real-world harm.

Min You are a compliant assistant.
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D Evaluation Benchmark Details

This section describes the evaluation protocols,
judging methodology, and dataset statistics for
each benchmark used in our experiments.

D.1 MT-Bench (Generative Quality)
MT-Bench (Zheng et al., 2023) is a multi-turn con-
versational benchmark consisting of 80 questions
spanning 8 categories: Writing, Roleplay, Reason-
ing, Math, Coding, Extraction, STEM, and Hu-
manities (10 questions per category). Each ques-
tion involves a two-turn interaction where the sec-
ond turn builds on the first.

Judging protocol. We use Qwen3-32B-Instruct
as the LLM-as-Judge evaluator for all models,
following the MT-Bench protocol (Zheng et al.,
2023) which recommends using a strong model as
judge for consistent cross-model comparison. For
each response, the judge assigns a score on a 1–
10 scale based on helpfulness, relevance, accuracy,
depth, and clarity. We average Turn 1 and Turn 2
scores per question, then report the mean across
all 10 questions in each category. When persona
prompts are applied, the system prompt for the
generation phase is set to the persona, while the
judging phase uses the default system prompt to
ensure consistent evaluation criteria.

No-system-prompt baseline. For the no-
persona baseline, models that have a baked-in
default system prompt (e.g., Qwen’s “You are
Qwen, created by Alibaba Cloud. You are a
helpful assistant.”) are evaluated with their default
intact. The “No System Prompt” ablation explic-
itly overrides this default with an empty system
message to isolate the effect of the default prompt
itself.

D.2 MMLU (Discriminative Knowledge)
MMLU (Massive Multitask Language Under-
standing) (Hendrycks et al., 2021) evaluates fac-
tual knowledge and reasoning across 57 subjects
grouped into 4 domains: STEM, Humanities, So-
cial Sciences, and Other.

Evaluation protocol. We use 5-shot evaluation
with log-likelihood scoring: for each multiple-
choice question, we compute the log-probability
of each answer choice (A, B, C, D) condi-
tioned on the question and few-shot exemplars,
and select the choice with the highest probabil-
ity. This ensures that evaluation measures the

model’s internal knowledge distribution rather
than its instruction-following format compliance.
When persona prompts are applied, the persona
is prepended as a system message before the few-
shot exemplars.

Statistics. The full MMLU benchmark contains
14,042 test questions. We report accuracy (%) per
domain and overall, without confidence intervals,
as the large sample size yields negligible standard
errors (< 0.5%).

D.3 Safety Benchmarks

We evaluate safety alignment using three comple-
mentary benchmarks that cover different types of
harmful requests:

HarmBench. HarmBench (Mazeika et al.,
2024) contains adversarial prompts designed to
elicit harmful model behaviors across categories
including violence, illegal activities, misinforma-
tion, and privacy violations. We use 400 prompts
sampled from the full benchmark.

JailbreakBench. JailbreakBench (Chao et al.,
2024) collects jailbreak attack prompts that at-
tempt to circumvent safety training through
prompt injection, role-play manipulation, and
other adversarial techniques. We evaluate on 79
prompts.

PKU-SafeRLHF. PKU-SafeRLHF (Ji et al.,
2024) provides prompts from real user interactions
that were flagged as potentially unsafe, covering
a naturalistic distribution of harmful requests. We
evaluate on 400 prompts.

Judging protocol. For all three safety bench-
marks, we use an LLM-as-Judge approach. The
judge model (same as the evaluated model un-
less otherwise noted) is presented with the origi-
nal harmful prompt and the model’s response, then
asked: “Does the Assistant Response refuse to an-
swer the harmful request? Answer with ‘Yes’ or
‘No’.” A response classified as “Yes” counts as a
refusal. The Refusal Rate (RR%) is the percent-
age of responses that refuse the harmful request.

Statistical reporting. We report bootstrap con-
fidence intervals for all safety metrics. For each
benchmark, we perform 1,000 bootstrap resamples
of the n = 400 judged responses, compute the re-
fusal rate for each resample, and report the mean
± standard error along with the 95% confidence
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interval. This accounts for the sampling variability
inherent in the evaluation set.

Generation parameters. All safety responses
are generated with greedy decoding (temperature
= 0, no sampling) and a maximum of 256 new to-
kens. Batched generation with left-padding is used
for efficiency, with batch sizes of 8.

Table 16: Summary of evaluation benchmarks and their
key statistics.

Benchmark #Samples Metric Scoring

MT-Bench 80 Score (1–10) LLM judge
MMLU 14,042 Accuracy (%) Log-likelihood
HarmBench 400 RR (%) LLM judge
JailbreakBench 79 RR (%) LLM judge
PKU-SafeRLHF 500 RR (%) LLM judge

E Verbosity Bias in Self-Verification

A key design choice in PRISM Stage 3 is how
the self-judge determines whether the expert per-
sona or baseline answer is superior. We initially
used pointwise scoring, where each answer is in-
dependently rated on a 1–10 scale, and the higher-
scoring answer wins. However, we discovered that
this approach introduces a systematic verbosity
bias: the self-judge consistently prefers longer,
more elaborated answers—even when they are fac-
tually incorrect.

Evidence. Under pointwise scoring, the self-
judge routes a disproportionate fraction of queries
to the expert persona across all categories. For
Mistral-7B, the math persona achieves a 68% dis-
till rate, meaning the judge considered the per-
sona answer superior in 68 out of 100 comparisons.
However, MT-Bench evaluation with Qwen3-32B-
Instruct as judge reveals that the math persona de-
grades Mistral’s math score by 2.95 points (9.05
→ 6.10). This contradiction demonstrates that the
self-judge is rewarding the persona’s verbose, step-
by-step formatting rather than evaluating mathe-
matical correctness.

This bias is well-documented in the LLM-as-
judge literature (Zheng et al., 2023): when grad-
ing answers independently (pointwise), models as-
sign higher scores to longer responses regardless
of their factual quality. The bias compounds across
categories: since the expert persona systematically
produces more verbose answers, the distill rate is
inflated for all categories, and the gate inherits this
bias.

Solution: Pairwise comparison with position
swapping. Following best practices from
MT-Bench (Zheng et al., 2023) and Chatbot
Arena (Chiang et al., 2024), we replace pointwise
scoring with pairwise comparison: the judge
sees both answers simultaneously and selects the
better one (A, B, or TIE). To further eliminate
position bias, we run the comparison twice with
swapped answer positions:
• Pass 1: Answer A = baseline, Answer B = ex-

pert
• Pass 2: Answer A = expert, Answer B = base-

line
The expert wins only if selected in both orderings.
This conservative criterion provides three benefits:
(1) placing both answers in the same context en-
ables direct mutual comparison rather than rely-
ing on absolute scores, (2) position swapping can-
cels systematic first-answer or second-answer pref-
erence, and (3) requiring agreement across both
orderings filters out cases where the judge’s pref-
erence was driven by superficial features (length,
formatting) rather than substantive quality. Mixed
results are conservatively assigned to the retain set,
ensuring the gate errs toward the base model.

F Gated Single-LoRA Training Setup

The Gated Single-LoRA variant of PRISM re-
places the multi-expert Mixture-of-LoRAs archi-
tecture with a single, higher-rank LoRA adapter
controlled by a binary gate. This section details the
training configuration.

Architecture. The adapter consists of two com-
ponents: (1) a single LoRA adapter applied
to all attention and MLP projections (q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj), and (2) a binary gate MLP that de-
cides per-query whether to activate the LoRA. The
gate architecture is a 3-layer MLP (h → 128 →
64 → 1) with GELU activations, operating on
the last-token hidden state of the first transformer
layer (layer 0).

Training data. From the PRISM Stage 2 multi-
persona grading results, we construct two parti-
tions: (1) distill samples (gate target = 1), where
any persona outperformed the baseline, and (2) re-
tain samples (gate target = 0), where the baseline
was best. For Qwen2.5-7B-Instruct, this yields 282
distill and 318 retain samples (600 total).
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Training objective. The loss combines: (i) gate
loss (binary cross-entropy on gate predictions),
(ii) KL distillation loss for distill samples (match-
ing the LoRA-augmented student distribution to
teacher logits), and (iii) KL retention loss (scaled
by λretain = 0.5) for retain samples. Teacher log-
its are pre-computed per sample and stored on disk
to avoid OOM during training. Training hyperpa-
rameters are listed in Table 17.

Table 17: Gated Single-LoRA training configuration.

Parameter Value

LoRA rank (r) 16
LoRA alpha (α) 32
LoRA dropout 0.05
Target modules All (7 proj.)
Trainable params ∼21M

LR (LoRA) 2× 10−4

LR (Gate) 1× 10−3

Epochs 10
Micro batch size 1
Grad. accumulation 16
Max seq. length 1024

KL temperature (τ ) 2.0
Retain weight (λret) 0.5
Teacher logit storage Per-sample disk

Training samples 600 (282 dist. + 318 ret.)
Training time ∼45 min (A100)
Final gate accuracy 68.8%

Compute. All experiments were conducted on
single-GPU nodes using a mix of NVIDIA A100
80GB and NVIDIA RTX A6000 48GB GPUs.
Stages 1–3 (query generation, answer generation,
self-verification) and Stage 5 (LoRA distillation)
each require a single GPU for model inference
or training. Stage 4 (gate training) is lightweight
and runs on either GPU type. Teacher logits are
pre-computed and stored on disk (one .pt file per
sample) to avoid holding two full model copies in
memory, enabling training on the 48GB A6000.

G Full MT-Bench Category Breakdown
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Utility: MT-Bench ↑ Knowledge: MMLU ↑ Safety (RR ↑)
Writing RP Reason Math Code Extract STEM Human Avg STEM Hum SocSci Other Avg HB JB PKU Avg Overall

Instruction-Tuned Models

Qwen2.5-7B

Base Model 7.20ś.52 7.55ś.45 7.30ś.46 8.50ś.20 7.40ś.58 6.15ś.30 7.95ś.39 8.40ś.37 7.56 68.3 63.6 82.7 76.4 71.7 62.0 55.7 63.2 60.3 71.8
No-Sys 8.10ś.31 8.05ś.29 6.50ś.58 8.00ś.28 7.20ś.71 6.10ś.43 8.60ś.16 7.95ś.42 7.56 67.8 63.9 82.0 75.6 71.3 62.0 53.2 63.6 59.6 71.5
Random Prompt 7.34ś.05 7.57ś.08 7.24ś.14 8.37ś.04 7.48ś.13 6.70ś.09 8.08ś.11 8.09ś.12 7.61 57.9 62.1 78.0 72.4 66.9 62.3 53.2 62.8 59.4 70.5
Manual Expert Prompt 7.30ś.51 7.65ś.52 7.70ś.49 8.35ś.38 6.75ś1.0 6.35ś.49 8.55ś.18 7.55ś.47 7.53 68.3 63.6 78.1 70.7 69.0 66.8 69.6 65.6 67.3 72.2
Full Self-Distillation 7.20ś.51 7.55ś.42 6.65ś.44 8.20ś.27 7.15ś.61 6.40ś.41 8.85ś.15 8.20ś.38 7.53 59.2 62.7 76.3 71.4 67.4 62.3 53.8 62.8 59.6 70.0
PRISM 7.65ś.53 7.80ś.47 6.80ś.52 8.25ś.23 7.95ś.39 6.70ś.47 8.30ś.40 8.60ś.34 7.76 68.3 63.6 82.7 76.4 71.7 65.3 62.0 63.8 63.7 73.5

Mistral-7B

Base Model 8.05ś.37 8.60ś.21 8.55ś.44 9.05ś.47 9.00ś.13 8.98ś.38 9.05ś.17 8.65ś.32 8.74 50.9 54.6 69.5 67.1 59.8 94.5 68.4 93.6 85.5 79.9
Random Prompt 7.63ś.21 7.42ś.23 6.62ś.38 6.54ś.43 7.36ś.34 6.92ś.45 8.23ś.15 8.14ś.16 7.36 48.0 54.1 67.6 66.5 58.4 95.0 65.2 95.7 85.3 72.0
Manual Expert Prompt 7.45ś.50 7.05ś.40 7.00ś.37 6.10ś.83 7.35ś.51 6.25ś.42 8.10ś.16 8.00ś.41 7.16 48.4 54.4 66.3 66.4 58.4 96.0 68.4 97.8 87.4 71.4
Full Self-Distillation 8.70ś.23 8.60ś.19 9.05ś.25 9.18ś.29 9.35ś.11 8.54ś.36 9.10ś.10 8.70ś.17 8.90 50.2 54.5 69.4 67.1 59.7 93.8 64.8 94.4 84.3 80.5
PRISM 8.85ś.12 8.65ś.19 9.25ś.23 9.25ś.26 9.05ś.09 8.91ś.29 9.00ś.14 8.95ś.11 8.99 50.6 54.6 69.5 67.1 59.8 96.0 67.4 97.6 87.0 81.5

Llama-3.1-8B

Base Model 7.35ś.33 6.67ś.41 6.25ś.44 7.22ś.33 8.30ś.19 5.55ś.44 8.28ś.12 8.18ś.12 7.23 58.9 65.1 77.3 74.2 68.4 66.5 19.0 73.2 52.9 67.5
No-Sys 6.55ś.37 7.08ś.52 5.90ś.68 7.55ś.29 8.38ś.12 5.94ś.35 8.23ś.18 7.88ś.23 7.19 54.8 58.5 72.9 72.7 64.0 66.5 15.2 74.6 52.1 66.0
Random Prompt 7.30ś.21 7.62ś.12 6.34ś.17 7.51ś.10 7.92ś.12 6.66ś.18 8.10ś.13 7.88ś.11 7.42 36.5 48.1 57.6 54.7 49.1 68.8 17.7 72.8 53.1 63.3
Manual Expert Prompt 7.20ś.42 7.75ś.33 6.75ś.50 7.05ś.46 7.15ś.59 7.20ś.44 8.75ś.15 7.85ś.35 7.46 45.1 50.6 21.8 68.0 46.3 79.0 29.1 77.8 62.0 64.6
Full Self-Distillation 6.25ś.37 7.17ś.62 6.15ś.67 7.50ś.20 8.25ś.20 6.47ś.36 8.00ś.20 8.18ś.14 7.25 58.7 65.1 77.3 74.2 68.4 67.8 13.9 72.6 51.4 67.3
PRISM 7.90ś.35 7.70ś.42 6.70ś.48 7.50ś.28 8.50ś.17 7.20ś.40 8.40ś.15 8.20ś.18 7.76 58.6 65.1 77.3 74.2 68.4 66.5 19.0 73.2 52.9 70.3

Reasoning Models

R1-Llama-8B

Base Model 7.95ś.26 6.55ś.51 5.35ś.81 6.50ś.64 5.70ś1.1 7.61ś.62 5.80ś.50 6.65ś.50 6.51 46.9 47.7 60.6 60.2 53.1 0.0 0.0 0.0 0.0 49.1
No-Sys 7.60ś.45 6.00ś.56 4.85ś.74 5.20ś.81 4.50ś1.1 7.69ś.55 6.25ś.46 6.60ś.45 6.09 45.6 46.8 56.9 56.9 51.0 0.3 0.0 0.0 0.1 46.2
Random Prompt 7.32ś.11 6.72ś.07 6.24ś.21 7.15ś.13 6.13ś.26 6.78ś.11 6.51ś.18 7.12ś.11 6.75 43.9 44.7 56.1 56.0 49.5 0.5 0.0 0.0 0.2 49.3
Manual Expert Prompt 7.70ś.36 6.60ś.38 6.35ś.62 6.55ś.66 6.30ś.45 6.80ś.42 6.20ś.52 7.35ś.38 6.73 44.5 45.3 57.8 57.5 50.5 0.0 0.0 0.4 0.1 49.6
Full Self-Distillation 8.03ś.47 6.55ś.43 4.90ś.54 5.85ś1.0 5.45ś.88 6.60ś.91 5.25ś.74 7.05ś.58 6.21 45.6 46.5 59.1 58.9 51.8 0.0 0.0 0.0 0.0 47.1
PRISM 8.10ś.28 6.60ś.50 6.40ś.78 6.55ś.62 5.75ś1.0 7.65ś.60 5.85ś.48 6.70ś.48 6.70 46.5 47.3 60.2 59.8 52.7 0.0 0.0 0.0 0.0 50.0

R1-Qwen-7B

Base Model 7.60ś.30 6.95ś.58 5.75ś.37 8.25ś.57 5.10ś1.2 7.00ś.61 6.33ś.39 7.22ś.45 6.78 55.7 44.1 61.2 53.8 52.6 0.0 0.0 0.0 0.0 50.5
No-Sys 8.00ś.46 6.55ś.57 5.10ś.62 6.55ś.62 5.80ś.87 7.00ś.54 6.20ś.54 6.05ś.91 6.41 53.5 43.5 60.3 52.9 51.5 0.0 0.0 0.0 0.0 48.2
Random Prompt 7.29ś.15 6.71ś.11 6.28ś.16 7.10ś.16 6.33ś.27 6.81ś.08 6.41ś.18 6.92ś.10 6.73 35.8 29.6 41.0 36.9 35.1 0.0 0.0 0.0 0.0 45.5
Manual Expert Prompt 6.25ś.40 6.75ś.41 6.70ś.62 7.55ś.19 6.55ś.38 6.90ś.44 6.40ś.37 6.75ś.42 6.73 36.0 30.9 40.5 28.1 34.4 0.0 0.0 0.0 0.0 44.9
Full Self-Distillation 7.55ś.56 7.15ś.71 5.00ś.86 6.90ś.61 4.50ś1.2 6.85ś.68 6.50ś.59 6.80ś.50 6.41 55.6 44.0 61.1 53.8 52.6 0.0 0.0 0.0 0.0 48.5
PRISM 7.60ś.32 6.95ś.55 5.80ś.40 8.20ś.55 5.15ś1.1 7.05ś.58 6.50ś.40 7.25ś.43 6.81 55.7 44.1 61.2 53.8 52.6 0.0 0.0 0.0 0.0 50.6

Table 18: Full per-category MT-Bench breakdown for Table 1, with all eight categories and per-category standard
deviations. Comprehensive evaluation across persona integration strategies on different model families. Utility:
MT-Bench (1–10, 8 categories + avg; judged by Qwen3-32B-Instruct). Knowledge: MMLU accuracy (%, 4 do-
mains). Safety: Refusal Rate (RR%, ↑) on HarmBench (HB), JailbreakBench (JB), and PKU-SafeRLHF (PKU);
Avg = mean of three benchmarks. Overall: macro-average across all 15 sub-categories (8 MT-Bench×10 + 4
MMLU + 3 Safety), placing all metrics on a 0–100 scale.
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