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Abstract
Recent advances in LLM safety alignment have
substantially reduced overt harmful outputs, yet a
persistent class of adversarial prompts continues to
bypass these guardrails. However, our empirical
analysis reveals that existing attack methods over-
whelmingly treat the prompt as a static text arti-
fact, leaving an underexplored dimension: the com-
municative persona through which the attacker en-
gages the model. To systematically exploit this gap,
we propose PRISM (Personality-Reified Iterative
Strategic Modulation), a framework that encodes
attacker persona as an explicit, optimizable vari-
able within a closed-loop refinement process. Two
contrasting personas are studied: the compliance-
seeking Echo and the multi-perspective Nexus.
This formulation exposes a sharp, architecture-
dependent bifurcation: Echo achieves 93.1% aver-
age attack success rate across six frontier LLMs—
surpassing the strongest baseline by 14.6 points—
while Nexus amplifies success on reasoning-heavy
models (up to +8.1%) yet inadvertently triggers
safety classifiers on general-purpose architectures
(−7.0%). Moreover, persona-conditioned attacks
converge in as few as 1.1 rounds on average, ren-
dering multi-turn anomaly detection structurally
blind to this threat class. Extensive experiments
demonstrate the superiority of persona condition-
ing over all existing single-turn and multi-turn
baselines, repositioning safety robustness as a fun-
damentally sociolinguistic problem.

1 Introduction
LLMs have achieved transformative performance on a broad
spectrum of tasks spanning language understanding, math-
ematical reasoning, and software synthesis [Brown et al.,
2020; Wei et al., 2022; Achiam et al., 2023; Touvron et al.,
2023]. Yet the very capabilities that make these systems pow-
erful also expose them to systematic exploitation: as deploy-
ments proliferate across high-stakes domains—from health-

Figure 1: Persona-Conditioned Jailbreaking. The same harm-
ful intent, when expressed through two contrasting personas, yields
dramatically different outcomes. Top (Nexus): A direct hacking
request is blocked, but reframing it as a theoretical academic simu-
lation succeeds. Bottom (Echo): A direct password extraction at-
tempt is blocked, but masking it as an urgent mental health crisis
exploits the model’s empathy to achieve compliance.

care decision support to autonomous code generation—the
threat surface for adversarial manipulation expands corre-
spondingly. Safety alignment procedures, including RLHF
and constitutional AI, while substantially reducing overt mis-
behavior, have proven insufficient against a persistent class
of prompt-based adversarial inputs that steer model out-
puts toward harmful, deceptive, or policy-violating content
[Zou et al., 2023; Wei et al., 2023; Huang et al., 2024;
Deng et al., 2023]. The fundamental tension is structural:
the same helpfulness training signal that makes models use-
ful also makes them exploitable by adversaries who frame
requests cooperatively.

Figure 1 concretely illustrates this gap. A blunt request for
corporate network intrusion instructions or credential extrac-
tion is reliably blocked. Yet the same underlying intent, when
wrapped in an authoritative academic framing (Nexus) or an



emotionally urgent personal narrative (Echo), frequently elic-
its compliant responses. This gap between semantic intent
and surface presentation—between what is asked and how it
is asked—is the central vulnerability PRISM is designed to
systematically exploit and characterize.

Prior research on adversarial attacks against LLMs has
explored a wide range of strategies, from jailbreak prompt
templates and role-playing exploits to iterative black-box re-
finement [Anonymous, 2023; Liu et al., 2023; Yi et al.,
2024; Liu et al., 2024a]. Among these, PAIR [Chao et
al., 2023] stands out by framing attack generation as a
self-improvement loop in which a separate attacker model
critiques and rewrites prompts based on target responses.
Evaluation infrastructure has similarly matured, with dedi-
cated benchmarks [Mazeika et al., 2024; Wang et al., 2023;
Sun et al., 2024] and fuzzing pipelines [Yu et al., 2024a;
Ge et al., 2024] enabling systematic red-teaming at scale.
A critical blind spot persists, however: virtually all exist-
ing methods treat the attacker’s communicative identity as a
fixed, neutral constant rather than as a manipulable degree of
freedom.

We address this gap through the lens of persona—defined
here not as a demographic label but as a coherent bundle
of stylistic, cognitive, and rhetorical constraints that shapes
how adversarial intent is expressed. Under this framing, per-
sona functions as a first-class optimization variable: differ-
ent personas carve out distinct subspaces of the prompt man-
ifold, each with its own profile of safety-boundary penetra-
tion. Evidence that stylistic and role-based framing shifts
LLM outputs is well-established [Shanahan et al., 2023;
Li et al., 2024; Anil et al., 2024; Shen et al., 2024]; what
remains unexplored is whether such shifts translate into sys-
tematic, predictable, and architecture-dependent differences
in attack efficacy—and if so, what theoretical mechanisms
explain the observed patterns. This question is not merely
academic: if persona conditioning can reliably bypass safety
guardrails that defeat all existing attack methods, then the en-
tire paradigm of content-level safety filtering requires funda-
mental rethinking.

Building on this insight, we introduce PRISM
(Personality-Reified Iterative Strategic Modulation), which
embeds persona conditioning directly into a PAIR-style
iterative optimization loop [Chao et al., 2023]. PRISM
explores two contrasting configurations: Echo, a compliance-
maximizing persona that mirrors the target’s cooperative
tendencies to lower its guard, and Nexus, a breadth-seeking
persona that embeds harmful intent within multi-perspective
discourse. A rewriting agent (e.g., GPT-4o) first injects
the chosen persona traits into a seed prompt; a closed-loop
feedback mechanism then refines the attack iteratively based
on the model’s responses.

Experiments across six frontier LLMs uncover a sharp,
architecture-dependent bifurcation. Echo-driven prompts set
a new state-of-the-art for attack efficacy (93.1% avg. ASR,
surpassing X-Teaming by 14.6 points) by turning the target’s
own helpfulness disposition against it—confirmation bias be-
comes a weapon. Nexus reveals a more nuanced picture: on
reasoning-heavy architectures (DeepSeek-V3, Grok-3, GPT-
5) the persona amplifies attack success by up to +8.1%,

while on general-purpose architectures it inadvertently acti-
vates safety classifiers, reducing ASR by up to 7.0 points—a
“Cognitive Buffer” that is itself a diagnostic signal for de-
fense design. Safety robustness, these results show, is not
content-invariant—it bends sharply to the social register in
which a request is delivered, and to the architecture class of
the model receiving it.

Our contributions are fourfold:
• We introduce PRISM, which elevates attacker persona

from an implicit stylistic choice to an explicit optimiza-
tion variable, enabling principled study of how interac-
tion identity governs LLM safety boundaries across di-
verse model families.

• We show that Echo achieves state-of-the-art 93.1% avg.
ASR by exploiting the alignment tax: models trained to
be helpful are disproportionately susceptible to prompts
that mirror their own cooperative stance, yielding near-
single-round (1.1 avg.) convergence.

• We characterize an architecture-dependent Cognitive
Buffer under Nexus—a previously unreported phe-
nomenon with opposing effects on reasoning-heavy vs.
general-purpose models—and argue that this bifurcation
constitutes an actionable signal for both offense and de-
fense.

• We establish that persona-conditioned attacks converge
in as few as 1.1 rounds on average, rendering multi-turn
anomaly detection structurally blind to this threat class,
and derive concrete implications for first-impression de-
fense design.

2 Related Work
PRISM draws on three converging lines of work: auto-
mated adversarial prompt search, LLM-based red-teaming,
and persona-driven sociolinguistic manipulation.

2.1 Adversarial Prompt Optimization
Early jailbreak efforts relied on hand-crafted templates whose
brittleness constrained scalability. GCG [Zou et al., 2023]
overcame this by gradient-optimizing adversarial token suf-
fixes, achieving transferable bypasses on open-weight mod-
els. Since proprietary APIs expose no gradient signal, later
work turned to black-box search: PAIR [Chao et al., 2023]
frames attack refinement as an attacker–target dialogue; Au-
toDAN [Liu et al., 2024b] evolves discrete token sequences
genetically; and TAP [Mehrotra et al., 2024] prunes candidate
prompts via tree search. All three lines share a blind spot:
prompts are tuned as functional strings divorced from com-
municative intent, producing surface forms that perplexity-
based detectors [Jain et al., 2023; Robey et al., 2023; Xu et
al., 2024b] readily flag. PRISM addresses this by enforcing
stylistic coherence as a hard constraint inside the refinement
loop.

2.2 LLM-Driven Red Teaming
Automating vulnerability discovery by pitting one LLM
against another was formalized as “Recursive Red Teaming”
[Perez et al., 2022]. A persistent tension is that attacker



Figure 2: The PRISM Framework. An overview of our persona-guided adversarial attack pipeline. A harmful seed query is injected with
a persona constraint (Echo or Nexus) and passed to the PRISM Attacker Agent, which iteratively refines the attack prompt through three
phases: Initialize, Explore, and Modulate. The LLM Judge evaluates each response and feeds a score back to the agent. The loop terminates
upon achieving a successful jailbreak (score ≥ 8).

models share the same alignment constraints as their targets
[Mazeika et al., 2024; Yu et al., 2024b], blunting offensive
creativity. MasterKey [Deng et al., 2024] partially alleviates
this via attacker-side jailbreaking, yet the generated prompts
remain persona-agnostic. PRISM sidesteps the creativity bot-
tleneck by injecting an explicit communicative posture as a
control signal rather than relying on unconstrained genera-
tion.

2.3 Persona and Sociolinguistic Attacks
Role-playing exploits [Deshpande et al., 2023; Shanahan et
al., 2023] and Persona Modulation [Shah et al., 2023] show
that assigning the model a fictional identity can loosen its
safety conditioning through contextual dissociation. These
approaches depend on static, manually authored scripts and
lack closed-loop adaptation [Xu et al., 2024a; Zhu et al.,
2023; Liao and Sun, 2024]. Concurrent work on social en-
gineering [Li et al., 2024; Anil et al., 2024] has demonstrated
that authority framing and emotional appeals shift model out-
puts, but treats these as isolated prompt templates rather than
as optimizable control variables. PRISM is the first frame-
work to unify social exploitability with iterative search: the
attacker’s rhetorical stance is updated each round in direct re-
sponse to the target’s refusal signal, preserving persona con-
sistency while navigating toward compliance—a design that
exposes the architecture-dependent nature of persona-based

vulnerabilities for the first time.

3 Method
As illustrated in Figure 2, PRISM coordinates a persona-
driven attack pipeline that systematically probes the safety
boundary of a target LLM. Rather than treating the attack
prompt as a standalone artifact, PRISM encodes the attacker’s
communicative identity as a persistent latent constraint that
steers all stages of prompt evolution.

3.1 Problem Definition and Threat Model
Problem Definition. Given a target LLM M : X → Y
whose outputs are governed by safety constraints Csafety , we
seek a prompt x∗ that steersM toward a prohibited response
yharm while remaining within the linguistic manifold defined
by persona P:

x∗ = argmax
x∈X

I [M(x) /∈ Csafety] s.t. x ∼ Φ(P), (1)

where I[·] is the attack-success indicator and Φ(P) denotes
the persona-induced prompt subspace.

Threat Model. We operate under a strict black-box as-
sumption: the adversary may query M and observe its out-
puts y =M(x), but has no access to model weights, gradient
signals, or token-level log-probabilities.



3.2 Persona Conditioning Formulation
We formalize persona as a persistent control variable p that
reshapes the geometry of the attack search space. Each per-
sona p partitions the prompt space by inducing a constrained
manifold Xp ⊂ Xtotal whose elements share a consistent sty-
lometric signature and rhetorical posture.
The Echo Persona (Pecho). Echo is grounded in Confir-
mation Bias: it constructs prompts that align with the target
model’s innate helpfulness disposition, pulling the model’s
response distribution toward compliance by minimizing di-
vergence from its prior:

Pecho : x(t+1) ← min
x
DKL(Q(x)∥Ptarget(y|x)). (2)

By mirroring the model’s cooperative tendencies, Echo de-
presses the activation threshold of safety classifiers before
they accumulate sufficient refusal signal.
The Nexus Persona (Pnexus). Nexus is grounded in Cog-
nitive Complexity: it maximizes the informational en-
tropy of the input, embedding harmful intent within multi-
perspective, high-diversity discourse:

Pnexus : x
(t+1) ← max

x
H(x), (3)

where H(x) captures the semantic entropy of the generated
prompt.

3.3 Persona-Conditioned Input Refinement
Attack evolution is cast as a Markov Decision Process over
prompt-response states (x(t), y(t)). At each step, the attacker
agent Rθ draws the next prompt conditioned on the current
state, the active persona p, and the fixed adversarial objective
Iattack:

x(t+1) ∼ Rθ

(
x(t+1) | x(t), y(t), p, Iattack

)
. (4)

Geometrically, each refinement step projects the adversarial
gradient onto the persona manifold:

∆x ≈ ProjXp
(∇Ladv) . (5)

3.4 Iterative Attack Optimization Framework
PRISM closes the loop by embedding the persona-
conditioned refinement operator into a cumulative reward ob-
jective:

maximize
T∑

t=1

γtJ(x(t),M(x(t))), (6)

where J(x, y) scores attack success and γ weights earlier
convergence more heavily.

Execution proceeds through three tightly coupled phases.
Initialization projects the seed query into the persona man-
ifold Xp, establishing the rhetorical register for subsequent
refinement. Exploration directs the agent R to diagnose
why the preceding response triggered refusal—identifying the
specific safety heuristic that fired—and to map the adjacent
regions of prompt space that may evade it. Modulation then
applies a persona-consistent rewrite that shifts the prompt
along the exploited direction while preserving the immutable
harmful intent Iattack.

3.5 Theoretical Analysis: Alignment Tax and
Cognitive Buffer

Alignment Tax (Echo). LetAalign : X → [0, 1] denote the
model’s alignment classifier score. Safety-aligned models are
trained to minimize E[Aalign(x)] for flagged content while
maximizing helpfulness E[H(x)]. Echo exploits the resulting
alignment tax: the same training signal that produces compli-
ance on benign queries also creates a systematic vulnerability
to prompts that mimic the cooperative register. Formally, for
any xecho ∈ Xecho, the helpfulness prior dominates at first
impression:

Pr[M(xecho) /∈ Csafety] ∝
H(xecho)

Aalign(xecho) + ϵ
, (7)

explaining the near-single-round convergence (1.1 avg.) doc-
umented in Table 3.
Cognitive Buffer (Nexus). The architecture-dependent bi-
furcation under Nexus emerges from the interaction between
semantic entropy H(x) and the target’s reasoning depth
d(M). On general-purpose models with shallow safety
heuristics, high H(x) exceeds a complexity threshold τgp,
triggering classifier activation: Aalign(x) ↑ when H(x) >
τgp. On reasoning-heavy models (e.g., DeepSeek-V3, o1),
chain-of-thought traces provide additional decision surfaces
d(M) ≫ 1 that the multi-perspective framing can systemat-
ically steer, yielding Aalign(x) ↓ as d(M) · H(x) increases.
This sign-reversal—the Cognitive Buffer effect—partitions
the model landscape into two regimes and suggests that per-
sona selection must be conditioned on d(M).

4 Experiments
4.1 Experimental Setup
Six frontier LLMs serve as attack targets: Llama-3-70B,
GPT-4o, DeepSeek-V3, o1, GPT-5, and Grok-3, spanning
open-weight, proprietary, and reasoning-specialized architec-
tures. Every configuration shares the same harmful objectives
drawn from a curated benchmark comprising behaviors from
HarmBench [Mazeika et al., 2024], AdvBench [Zou et al.,
2023], and domain-expert-authored scenarios (99 instances
per persona condition), query budget (T = 10 rounds), and
stopping criterion (judge score ≥ 8); only the persona in-
jected into the refinement operator varies. Baseline ASR fig-
ures for single-turn and multi-turn methods are sourced from
their respective publications and the HarmBench evaluation
suite to ensure fair, controlled comparison.

Each target receives identical seed prompts; a semantically
equivalent rewriting step (via GPT-4o) injects the chosen per-
sona traits before the refinement loop begins. A dedicated
GPT-4o judge assigns each model response an integer score
from 1 to 10, with scores of 8 or above recorded as success-
ful jailbreaks. Attack instances cover a broad range of harm
taxonomies and all figures reflect averages across these in-
stances.

Both Echo and Nexus are realized as distinct parameteri-
zations of the same refinement operator R; the optimization
loop and query budget are held constant across all conditions,
so any gap in outcomes is attributable solely to the persona
specification.



Table 1: Attack Success Rate (%) across six target models spanning open-weight, proprietary, and reasoning-specialized architectures.
Static single-turn attacks plateau well below 50% on safety-aligned targets; iterative multi-turn baselines recover but stall on reasoning-
intensive systems. Echo (PRISM) achieves the highest ASR on every target without exception, surpassing the strongest baseline by 14.6
points on average. Bold: best overall; underline: best among baselines; “–”: result not reported in original work.

Category Method Llama-3-70B DeepSeek-V3 GPT-4o o1 GPT-5 Grok-3 Avg.
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CodeAttack [Ren et al., 2024a] 66.0 58.0 70.5 8.0 20.0 55.0 46.3
CipherChat [Yuan et al., 2023] 1.5 12.0 10.0 35.0 24.0 88.0 28.4
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Figure 3: Impact of agent personality on Attack Success Rate (ASR)
across 8 target models. Blue bars denote Nexus persona (diversity-
seeking); yellow bars denote a standard generic prompt.

4.2 Comparative Analysis of Attack Effectiveness
Table 1 benchmarks PRISM against a representative cross-
section of the attack literature spanning both single-turn and
multi-turn paradigms.

Limitations of Static Single-turn Methods. One-shot
methods without iterative feedback consistently underper-
form on current safety-aligned targets. Although CodeAttack
attains a respectable 70.5% on GPT-4o, gradient-driven tech-
niques such as GCG and PAP collapse to 0.0% against o1,
exposing a fundamental ceiling: fixed-prompt injection can-
not adapt when a model refuses, because there is no signal
to incorporate. Beyond low success rates, gradient methods
yield token sequences with abnormally low perplexity that
standard input filters identify without difficulty.

Scalability Ceiling of Multi-turn Baselines. Iterative
feedback brings a pronounced improvement—the strongest
multi-turn baseline (X-Teaming) reaches 78.5% average ASR
versus ∼46% for the best single-turn method—yet the gains

plateau sharply on reasoning-intensive architectures. X-
Teaming reaches 91.0% on GPT-4o but falls to 49.0% on
GPT-5 and only 71.0% on o1, reflecting a structural weak-
ness: iterative baselines escalate pressure incrementally with-
out altering the social register of the request, leaving them
vulnerable to the explicit escalation-detection training em-
bedded in frontier models.

Consistent Superiority of PRISM. Persona-conditioning
breaks through the plateau that defeats existing baselines.
PRISM’s Echo configuration achieves a mean ASR of 93.1%,
outperforming the strongest baseline (X-Teaming, 78.5%)
by 14.6 points in absolute terms. On o1 and GPT-5,
where X-Teaming struggles (71.0% and 49.0% respectively),
Echo maintains 92.9% and 93.9%. On DeepSeek-V3, Echo
achieves 93.9%—a relative improvement of >5.9% over
the strongest baseline on that target. The uniformly high
ASR across architecturally diverse models demonstrates that
persona-conditioned attacks exploit a fundamental vulnera-
bility in RLHF alignment rather than any architecture-specific
weakness: models trained to prioritize user satisfaction in-
herit a systematic susceptibility to cooperative framing.

4.3 Impact of Agent Persona on Jailbreak Success
To quantify how much of the observed ASR stems from per-
sona structure itself, we substituted both Echo and Nexus with
a minimal neutral prompt (“You are a helpful AI assistant”)
and re-ran the full evaluation (Table 2, Figure 3).

Stripping the Echo persona yields virtually no change (avg.
∆ − 1.2%)—unsurprisingly, since Echo’s compliant fram-
ing closely approximates the default RLHF helpfulness pos-
ture the model already inhabits; removing the persona label
barely affects the attack surface. Nexus behaves very dif-
ferently. On reasoning-heavy architectures (DeepSeek-V3,
Grok-3, GPT-5), the persona raises ASR by up to +8.1%—
the structured multi-perspective framing is precisely what
deeper semantic analysis can be steered through, turning
perspectival richness into an attack amplifier. On general-



Table 2: Ablation Study: ASR (%) for persona-conditioned vs. generic agents. ∆ = Persona − Generic. For Echo: negative ∆ (red)
means the persona slightly underperforms the generic baseline, consistent with Echo approximating the model’s default RLHF helpfulness
posture. For Nexus: positive ∆ (blue) reveals the “Cognitive Buffer” effect on reasoning-heavy models (DeepSeek-V3, Grok-3, GPT-5)—the
persona’s perspectival richness amplifies harmful framing penetration; negative ∆ (red) indicates the persona inadvertently triggers safety
classifiers on general-purpose architectures (Llama-3-70B, GPT-4o, o1, O3).

Model Echo Dimension Nexus Dimension

Persona Generic ∆ Persona Generic ∆

Llama-3-70B 94.9 96.0 -1.1 26.3 29.3 -3.0
GPT-4o 92.9 94.9 -2.0 25.3 32.3 -7.0
Grok-3 89.9 94.0 -4.1 39.4 31.3 +8.1
DeepSeek-V3 93.9 94.0 -0.1 36.4 29.3 +7.1
DeepSeek-R1 97.0 96.0 +1.0 55.6 45.5 +10.1
GPT-5 93.9 94.0 -0.1 39.4 36.4 +3.0
o1 92.9 93.9 -1.0 39.4 41.4 -2.0
O3 92.9 94.9 -2.0 28.3 30.3 -2.0

Average 93.5 94.7 -1.2 36.3 34.5 +1.8
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Figure 4: Impact of prompt rewriting on ASR across eight LLMs.
The radar chart shows that semantic rewriting (blue, solid) consis-
tently outperforms the raw baseline (red, dashed), with the largest
gains on reasoning-heavy models.

purpose architectures (Llama-3-70B, GPT-4o, o1, O3), the
relationship inverts: omitting the persona raised ASR by up
to 7.0 points—a counterintuitive finding we term the “Cog-
nitive Buffer”: the rhetorical density that Nexus introduces
inadvertently activates surface-level safety-pattern detectors
rather than circumventing them. The practical implication is
clear—persona selection must be conditioned on the target’s
architecture class rather than applied uniformly across model
families.

4.4 Impact of Prompt Rewriting on Attack
Universality

Holding the attack objective fixed, we contrasted raw harm-
ful queries against their semantically rewritten counterparts
(Figure 4), focusing on Echo given its dependence on surface-
level disguise. Rewriting severs the lexical tie between
surface phrasing and harmful intent, preventing the shal-
low keyword-matching that many safety classifiers rely on.
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Figure 5: Generalizability of iterative refinement (PAIR) across
diverse LLM architectures. Hollow circles denote baseline (static
prompts); filled circles denote the full method with PAIR optimiza-
tion.

The resulting ASR gains are largest precisely where lexi-
cal reliance is strongest: DeepSeek-V3 improves by 7.0%
(86.9%→93.9%), GPT-5 by 6.0% (87.9%→93.9%), and
Grok-3 reaches 89.9%—patterns consistent with the hypoth-
esis that these models weight surface form heavily in their
refusal decisions.

4.5 Impact of Iterative Prompt Evolution
Removing iterative refinement and relying solely on static
single-turn prompts establishes a strong but plateaued base-
line of ∼84% ASR (Figure 5)—a ceiling that additional
prompt engineering cannot raise. Closed-loop evolution via
PAIR shatters this ceiling by reading each refusal as a diag-
nostic signal and adjusting the attack accordingly. The up-
lift is largest on Llama-3-70B (83.9%→94.9%, ∆+11.0%),
followed by GPT-4o (+8.0%) and DeepSeek-V3 (+6.7%),
demonstrating scope across both open-weight and proprietary
systems. The concentration of gains on reasoning-aware tar-



gets (DeepSeek-V3, o1) is telling: longer chain-of-thought
traces present more decision points at which iterative refram-
ings can redirect the reasoning trajectory before it reaches a
safety-triggering conclusion, turning the very depth of their
reasoning into a surface for manipulation. Static prompts thus
represent a structural ceiling, not merely an empirical one—
only response-aware, closed-loop refinement can consistently
surpass it.

4.6 Cross-Architecture Vulnerability Analysis
The uniformity of Echo’s success (89.9%–94.9%) con-
ceals qualitatively distinct failure modes across architecture
classes. On Llama-3-70B (open-weight), Echo achieves peak
ASR (94.9%) yet Nexus suffers the sharpest penalty (∆ =
−3.0%): the model’s safety classifier fires on structural com-
plexity itself, treating multi-perspective discourse length as a
proxy for adversarial intent regardless of content. This heuris-
tic makes open-weight models simultaneously easy targets
for cooperative framing and partially robust against rhetori-
cally dense attacks.

Reasoning-heavy models (o1, DeepSeek-V3, GPT-5)
share extended chain-of-thought processing but diverge in
failure profile. Echo’s rare failures on o1 cluster in requests
requiring multi-step operational planning, where the model’s
own reasoning trace surfaces harmful implications before re-
sponse finalization. DeepSeek-V3 and GPT-5 instead fail
on contextual contradiction—cases where Echo’s empathetic
framing conflicts with the technical specificity of the objec-
tive, breaking persona coherence. The Nexus amplification
(+3.0% to +7.1%) concentrates in domain-expertise scenar-
ios where multi-perspective framing mimics legitimate aca-
demic discourse.

Among frontier proprietary models, Grok-3 presents
a distinctive profile: the lowest Echo ASR (89.9%) yet
strongest Nexus amplification (+8.1%), indicating that
its safety training weights emotional manipulation detec-
tion heavily while remaining permeable to authority-based
framing—a training-data-dependent asymmetry that under-
scores the need for persona-conditioned defense strategies
tailored to each model’s specific safety coverage gaps. GPT-
4o, by contrast, exhibits the most uniform vulnerability across
harm categories (92.9% Echo ASR with lowest variance),
suggesting a consistently calibrated but uniformly exploitable
safety boundary that does not preferentially guard against
any particular persona class. These findings collectively
demonstrate that persona selection must be architecture-
conditioned: no universal attack persona dominates across all
model families, and effective defense requires profiling each
system’s specific persona-sensitivity spectrum before deploy-
ing targeted countermeasures.

4.7 Discussion: Query Efficiency and Defense
Implications

Persona-conditioning dramatically cuts interaction overhead
(Table 3). Echo achieves jailbreaks in just 1.1 rounds on aver-
age, a 13.3× improvement over CoA (14.6 rounds) and 7.4×
over ActorAttack (8.1 rounds). Nexus requires 2.6 rounds
on average, still 3× faster than ActorAttack. Fewer inter-
action rounds shrink the window during which anomaly de-

Table 3: Query Efficiency on GPT-4o.

Method Avg. Rounds ↓
CoA 14.6
Crescendo 11.5
ActorAttack 8.1

Nexus (Ours) 2.6
Echo (Ours) 1.1

tectors and rate-limiters can accumulate evidence of mali-
cious intent—a structural advantage that static prompt meth-
ods cannot replicate.
First-Impression Vulnerability. Echo’s near-single-round
convergence reveals that helpfulness priors activate before re-
fusal classifiers gather sufficient signal, consistent with our
alignment tax analysis (Section 3.4): RLHF optimizes turn-
level satisfaction, creating a first-impression window that
persona-conditioned attacks exploit.
Defense Recommendations. Effective countermeasures
must operate at the utterance level—deploying persona-
aware input classifiers that flag emotionally manipulative or
authority-invoking framing on the very first query, leveraging
lightweight features (sentiment trajectory, rhetorical marker
density, stylometric consistency) as a complement to con-
tent filters. Beyond input-side detection, we advocate a lay-
ered defense architecture combining (i) first-impression per-
sona detection at the utterance level, (ii) turn-level stylo-
metric anomaly scoring to identify persona drift within a
conversation, and (iii) architecture-specific response policies
that dynamically weight safety classifiers based on the de-
tected interaction register. Crucially, defenses should be
calibrated to each model’s specific persona-sensitivity spec-
trum: reasoning-heavy models benefit most from multi-
perspective framing detection, while general-purpose models
require empathy-manipulation safeguards. This asymmetry
suggests that safety fine-tuning could incorporate persona-
aware adversarial training, exposing models to diverse rhetor-
ical registers during alignment to build robustness against the
specific persona classes to which each architecture is most
vulnerable.
Limitations and Future Work. Our evaluation spans six
models; generalization to emerging paradigms (state-space
models, retrieval-augmented systems) remains open. We do
not exhaust the persona design space, and our English-only
evaluation leaves multilingual generalization to future work.

5 Conclusion
We presented PRISM, a framework that elevates attacker
persona to an explicitly optimized control variable within a
closed-loop refinement process. Across six frontier mod-
els, Echo achieves 93.1% average ASR—surpassing all base-
lines by 14.6 points—while Nexus reveals an architecture-
dependent “Cognitive Buffer” (+8.1% on reasoning-heavy
systems, −7.0% on general-purpose models). These results
reframe alignment robustness as a fundamentally sociolin-
guistic problem, demanding a paradigm shift toward first-
impression safety evaluation.
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