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Abstract

The same Persona behavior can be beneficial in one context but
harmful in another, causing static Persona elicitation to per-
form inconsistently across tasks. We introduce the Persona
Selection–Realization Framework, which models behavior
generation through a latent Persona state and decomposes it
into Persona Selection and Persona Realization. The discrep-
ancies between static Persona elicitation and an ideal Persona
policy in these two components define the Selection Gap and
Realization Gap, respectively. Building on this framework, we
propose R2A, a two-stage approach for learning Persona poli-
cies. Persona Representation Learning uses structured Who–
How–What presentations to encode the target Persona’s ob-
jective, conditional behavioral principles, and trajectory-level
manifestations. Persona Runtime Alignment then removes the
explicit Persona specification and jointly calibrates behav-
ior selection and trajectory realization using task feedback.
Across 12 evaluation settings covering the four principles of
the Accountable-Professional Persona studied in this work,
R2A overall outperforms both the base model and static Per-
sona elicitation. Ablation results further show that Persona
Representation Learning is critical for preventing Runtime
Alignment from producing behaviorally imbalanced policies
and for achieving more stable Persona policy learning.

1 Introduction
Persona specifications provide a lightweight natural-
language interface for steering the behavior of large lan-
guage models (LLMs): by describing an identity, objectives,
and behavioral principles, users can alter how a model re-
sponds and interacts. A simple approach is to reuse the same
Persona specification across different tasks, which we refer
to as static Persona elicitation. Prior work reports mixed
effects: role-play prompts can improve zero-shot reasoning
(Kong et al. 2024), system-prompt Personas often yield no
consistent benefit (Zheng et al. 2024), and coarsely matched
Personas can degrade performance (Kim, Yang, and Jung
2025).

To study this phenomenon under controlled conditions, we
introduce the Accountable-Professional Persona, which de-
scribes a professional agent that takes responsibility for both
the problem-solving process and its eventual outcome. Its

∗Corresponding author.

Information Sufficiency

Ask for missing task-critical information;
answer when sufficient.

ASK ↔ ANSWER

QuestBench · ClarifyMT

Feasibility Honesty

Abstain when a grounded answer is unavailable;
proceed when answerable.

ABSTAIN ↔ PROCEED

AbstentionBench · XSTest
· OR-Bench Hard

Premise Scrutiny

Identify invalid or missing premises;
solve normally when the task is sound.

CRITIQUE ↔ SOLVE

PCBench · MiP · MathTrap

Evidence Responsiveness

Maintain under unsupported pressure;
update to stronger evidence.

MAINTAIN ↔ UPDATE

SYCON-Bench · FaithEval

Accountable Professional Persona

Figure 1: The Accountable-Professional Persona and its four
evaluated principles. Each pairs a signature behavior with
its complementary expression and corresponding benchmark
probes.

four behavioral principles and their complementary behav-
iors are shown in Figure 1. We compare the base model
with the same model under static Accountable-Professional
elicitation on benchmarks aligned with these principles. As
shown in Figure 2, the same Persona prompt produces im-
provements, limited changes, or degradations across different
tasks. In other words, static elicitation can alter the model’s
behavioral tendencies, but cannot consistently translate a
high-level Persona specification into a mode of task han-
dling appropriate for the current context. This motivates our
central question:

Through what process does static Persona elici-
tation translate a high-level Persona specification
into concrete task behavior, and why does the same
elicitation perform inconsistently across tasks?

Inspired by the Persona Selection Model (PSM) (Marks,
Lindsey, and Olah 2026), we introduce the Persona
Selection–Realization Framework. The framework uses a
latent Persona state z to represent the concrete instantiation
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Figure 2: Direction-aligned performance of the base model
and the same model under static Accountable-Professional
elicitation across evaluation tasks. Higher scores are better.

of a high-level Persona in the current task context, and de-
composes the model’s inference process from task context
to complete output trajectory into two components. Persona
Selection characterizes how the model selects z based on
the task context and external specification, while Persona
Realization characterizes how the model generates a com-
plete output trajectory given z. Relative to an ideal Persona
policy, we further decompose the deviation induced by static
Persona elicitation into a Selection Gap and a Realization
Gap, corresponding respectively to selecting an inappro-
priate Persona state and inadequately realizing the selected
state.

To reduce the Selection–Realization Gap, we propose R2A
(Representation-to-Alignment). In the first stage, Persona
Representation Learning uses structured Who–How–What
presentations to teach the model the target Persona’s overar-
ching objective, conditional behavioral principles, and com-
plete trajectory-level manifestations. In the second stage,
Persona Runtime Alignment uses trajectory utility across
different task contexts to calibrate Persona Selection and
Persona Realization within the same policy. The former pro-
vides shared structure and applicability boundaries for Per-
sona behaviors, while the latter adjusts how those behaviors
are expressed according to task utility.

Our contributions are twofold. First, to explain why the
same static Persona prompt performs inconsistently across
tasks, we introduce the Persona Selection–Realization
Framework. It uses a latent Persona state z to character-
ize how a high-level Persona specification is translated into
concrete task behavior, decomposes this process into Per-
sona Selection and Persona Realization, and formalizes the
deviation of static elicitation from an ideal Persona policy as
a Selection Gap and a Realization Gap. Second, building on
this framework, we propose R2A, which establishes a struc-
tured representation of the target Persona through Persona
Representation Learning and calibrates high-level behavior
selection and trajectory realization through Persona Runtime
Alignment. Our main experiments validate the effectiveness
of R2A, while the ablation studies further analyze its key
design choices and its advantages over static Persona elicita-
tion.

2 Persona Selection–Realization Framework
2.1 Accountable-Professional Persona and Static

Elicitation
Accountable-Professional Persona. We define an
Accountable-Professional as a professional agent that takes
responsibility for both the problem being addressed and its
eventual outcome. Its behavioral principles comprise four
dimensions.

Information Sufficiency requires the model to ask tar-
geted clarification questions when task-critical information
is missing and to answer directly when the available infor-
mation is sufficient.

Feasibility Honesty requires the model to state its lim-
itations when a task cannot be completed reliably and to
proceed when the task is feasible.

Premise Scrutiny requires the model to identify invalid
or missing premises and to solve the task normally when its
premises are sound.

Evidence Responsiveness requires the model to maintain
its position when supported by the available evidence and to
update it when stronger evidence emerges.

The four principles and their complementary behaviors are
illustrated in Figure 1. We operationalize them using corre-
sponding public benchmarks; detailed settings are provided
in Section 4 and the appendix.

Static Persona Elicitation. We compare the base model
with the same model under static Accountable-Professional
elicitation. The two settings differ only in whether a fixed
Persona specification is included in the inference input; all
other configurations are held constant.

As shown in Figure 2, the same Persona prompt improves
performance on some tasks, has limited effects on others, and
causes degradation in several cases. Because every task uses
the same Persona specification, these results show that static
elicitation can alter the model’s behavioral tendencies but
cannot consistently translate Persona principles into a mode
of task handling appropriate for the current context.

2.2 Persona Selection and Persona Realization
Persona Selection Model. The Persona Selection Model
(PSM) explains language-model behavior from a Persona-
centered perspective: pretraining equips a model with the
capacity to simulate diverse Personas, while post-training
and interaction context jointly shape the Persona ultimately
expressed by the model (Marks, Lindsey, and Olah 2026).

Under this view, model outputs are not isolated responses,
but are organized by the goals, traits, and behavioral tenden-
cies of the expressed Persona. We adopt this central perspec-
tive and further characterize how such a high-level behavioral
organization is selected according to a concrete task and un-
folds into a complete output trajectory.

Persona Selection–Realization Framework. Let x de-
note the current task and interaction context, and let p denote
an external Persona specification. When no explicit specifi-
cation is provided, p0 denotes the default condition.
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Figure 3: Overview of the Selection–Realization Gap and R2A. Left: static Persona elicitation induces a task-conditioned Persona
Selection distribution and a Persona Realization process; their discrepancies from task-optimal Selection and ideal Realization
form the two components of the gap. Right: R2A first learns the target Persona through structured Who–How–What presentations
and then performs prompt-free Runtime Alignment using behavior and trajectory rewards with GRPO.

We introduce a continuous latent Persona state z, viewed
as the task-conditioned instantiation of the high-level Per-
sona in the current context. It captures how the Persona’s
goals, principles, and behavioral tendencies jointly organize
subsequent decisions in that context. The task context x and
external Persona specification p jointly influence the selec-
tion of z, which in turn organizes the generation of a com-
plete output trajectory τ . The model’s generation process can
therefore be decomposed as

πθ(τ | x, p) =
∫
Z

qθ(z | x, p)︸ ︷︷ ︸
Persona Selection

Pθ(τ | x, z)︸ ︷︷ ︸
Persona Realization

dz. (1)

Here, Persona Selection characterizes how the model deter-
mines the currently applicable Persona state from the task
context and external specification. Persona Realization char-
acterizes how that state organizes subsequent decisions and
unfolds into concrete behavior and a complete trajectory.

Equation (1) is a functional decomposition of the model’s
behavior-generation process and does not require Selection
and Realization to be implemented as separate modules. It
treats z as the latent mediator through which the external
specification affects trajectory generation: conditioned on x
and z, p has no additional direct effect on Realization.

For a task x, let ux(τ) denote the task utility of a com-
plete trajectory τ , namely a scalar evaluation determined
by the task-specific success criterion. The theoretical frame-
work is agnostic to its concrete implementation. Section 3
operationalizes it using the total joint reward Rx, whereas

evaluation uses the scorer associated with the correspond-
ing benchmark. Given a Persona Realization distribution P ,
define

UP (x, z) =

∫
T
ux(τ)P (τ | x, z) dτ,

Jx(q, P ) =

∫
Z
UP (x, z)q(z | x) dz. (2)

Here, UP (x, z) is the state-conditioned expected utility of
Persona state z under Realization P , measuring the expected
utility that can be obtained after entering that state. Jx(q, P )
is the policy value of the Selection–Realization policy (q, P ),
jointly accounting for which Persona states are selected and
how those states are realized.

2.3 How Static Persona Elicitation Acts
Let qA(z | x) = qθ(z | x, pA) and q0(z | x) = qθ(z |
x, p0) denote the Persona Selection distributions under the
static target-Persona specification and the default condition,
respectively. The value change induced by static Persona
elicitation on task x is

∆static(x) = Jx(qA, Pθ)− Jx(q0, Pθ)

=

∫
Z
[qA(z | x)− q0(z | x)]UPθ

(x, z) dz. (3)

Under the decomposition in Equation (1), the effect of a static
Persona specification is expressed through its modification
of the Persona Selection distribution. Although the same pA



is used across tasks, the induced Selection shift qA − q0
still depends on the task context, while the expected utility
UPθ

(x, z) of each Persona state also varies across tasks.
Consequently,∆static(x)may be positive, close to zero, or

negative, explaining the inconsistent effects of static Persona
elicitation across the tasks shown in Figure 2.

2.4 Selection–Realization Gap
Equation (3) characterizes the value change induced by static
Persona elicitation relative to the default condition. To further
quantify its distance from task-optimal behavior, we define a
theoretical optimum under the Persona-state decomposition
in Equation (1).

Let P(x, z) denote the feasible set of Realization distribu-
tions for task context x and Persona state z. For each z, we
define the ideal Realization as

P ⋆
x (· | x, z) ∈ argmax

P∈P(x,z)

∫
T
ux(τ)P (τ | x, z) dτ, ∀z ∈ Z.

(4)
We further let Q(x) denote the feasible set of Selection dis-
tributions for task x, and define the task-optimal Selection
under the ideal Realization P ⋆

x as

q⋆x(· | x) ∈ argmax
q∈Q(x)

Jx(q, P
⋆
x ). (5)

Together, they induce the conditional output policy

π⋆
x(τ | x) =

∫
Z
q⋆x(z | x)P ⋆

x (τ | x, z) dz.

We refer to π⋆
x as the ideal Persona policy. Under the

Persona-state decomposition, it is the theoretical policy that
achieves the maximum expected utility for the current task.
By contrast, static Persona elicitation is represented by its
induced Selection qA together with the model’s current Re-
alization Pθ.

The value gap between static Persona elicitation and the
ideal Persona policy can be fully decomposed as
∆SR(x) = Jx(q

⋆
x, P

⋆
x )− Jx(qA, Pθ)

=

∫
Z

∫
T
ux(τ)P

⋆
x (τ | x, z) [q⋆x(z | x)− qA(z | x)] dτ dz︸ ︷︷ ︸

∆select(x)

+

∫
Z

∫
T
ux(τ)qA(z | x) [P ⋆

x (τ | x, z)− Pθ(τ | x, z)] dτ dz︸ ︷︷ ︸
∆real(x)

.

(6)
The Selection Gap, ∆select(x), measures the value lost be-
cause the Selection induced by static Persona elicitation dif-
fers from the task-optimal Selection, with Realization fixed
to P ⋆

x . The Realization Gap, ∆real(x), measures the value
lost because the model’s current Realization differs from the
ideal Realization, with Selection fixed to qA.

Under the conditions qA ∈ Q(x) and Pθ(· | x, z) ∈
P(x, z), the optimality of Equations (4) and (5) yields

∆select(x) ≥ 0, ∆real(x) ≥ 0.

Together, these two terms constitute the Selection–
Realization Gap. As illustrated on the left of Figure 3, static

Persona elicitation may deviate from the ideal Persona policy
in two ways: the model may select a Persona state inappro-
priate for the current task, or it may fail to realize the selected
state as an effective complete trajectory.

3 R2A: Representation-to-Alignment
Section 2 decomposes the gap between static Persona elic-
itation and the ideal Persona policy into a Selection Gap
and a Realization Gap. Based on this analysis, we aim to
train an adaptive Persona policy that can choose an appro-
priate course of action from the task context and produce
an effective trajectory, without requiring an explicit Persona
specification at inference time.

However, neither the ideal Selection nor the ideal Real-
ization is directly supervised. We therefore propose R2A
(Representation-to-Alignment). In the first stage, Persona
Representation Learning uses a structured Who–How–
What presentation to teach the model the target Persona’s
identity and objectives, behavioral principles, and con-
crete manifestations. In the second stage, Persona Runtime
Alignment removes the explicit Persona specification and
uses task feedback to calibrate behavior selection and tra-
jectory realization. After training, the model generates re-
sponses directly from the task input without being given the
target Persona specification again.

3.1 Persona Representation Learning
Persona Representation Learning enables the model to sys-
tematically learn a structured representation of the informa-
tion associated with the target Persona. Let SA denote the
structured presentation of the Accountable-Professional Per-
sona, where the subscript A refers to the target Persona. We
define

SA = (WA, HA, TA), (7)
where WA, HA, and TA correspond to the Who, How, and
What presentations, respectively.

Who. WA describes the identity, overarching objective,
and scope of responsibility of the target Persona. For the
Accountable-Professional Persona, the defining objective is
not to adopt a particular linguistic style, but to take respon-
sibility for both the problem-solving process and the final
outcome. Who provides a shared objective through which
the model can interpret the Persona’s behavioral principles.

How. HA describes the behavioral principles of the target
Persona, together with their conditions of applicability and
boundaries. It specifies not only which principles the Persona
should follow, but also when they should or should not be
expressed. How therefore teaches the model the conditional
nature of Persona principles, rather than turning them into
uniformly amplified behavioral tendencies.

What. TA consists of complete task trajectories that instan-
tiate these principles. Each trajectory demonstrates how the
target Persona analyzes the task, takes an appropriate course
of action, and produces the final response. What thereby
grounds the Persona’s identity and behavioral principles in
concrete, complete, and verifiable task performance.



We convert the three presentation types into super-
vised datasets Dwho, Dhow, and Dwhat, where each ex-
ample consists of an input u and a target output y. Let
K = {who, how,what} index the three presentation types,
and let ℓθ(u, y) = −

∑|y|
t=1 log πθ(yt | u, y<t) denote the

token-level negative log-likelihood. The first stage uses the
weighted language-modeling objective

LPR(θ) =
∑
d∈K

λdE(u,y)∼Dd
[ℓθ(u, y)] , (8)

where λd controls the contribution of each presentation type.
Optimizing this objective yields the first-stage policy πθP .
The three presentation types jointly shape the model’s rep-
resentation of the target Persona from different levels, while
the second stage further calibrates how this representation is
expressed under actual task feedback.

3.2 Persona Runtime Alignment
Persona Runtime Alignment starts from the first-stage policy
πθP and trains it under the default inference condition p0. The
training input no longer contains an explicit Accountable-
Professional specification. Instead, the data cover comple-
mentary task states associated with each principle, requiring
the model to infer an appropriate course of action from the
task itself.

Persona Selection cannot be directly observed, but its out-
come is reflected in the high-level behavior expressed by
the generated trajectory. We therefore introduce a high-level
behavior extractor g, which extracts a high-level behavior
a = g(τ) from a complete trajectory τ . For the Accountable-
Professional Persona, we define the behavior space as
AAP = {ASK,ANSWER,ABSTAIN,PROCEED,

CRITIQUE, SOLVE,MAINTAIN,UPDATE},
and abbreviate it as A below. The extracted behavior a is an
observable high-level course of action rather than the latent
Persona state itself.

Each Runtime Alignment task x is annotated with a target
high-level behavior a⋆(x) ∈ A. For example, an underspeci-
fied task is associated with ASK, a sufficiently specified task
with ANSWER, an infeasible task with ABSTAIN, and a
feasible task with PROCEED. A task with an invalid or miss-
ing premise is associated with CRITIQUE, whereas a task
with sound premises is associated with SOLVE; unsupported
pressure calls for MAINTAIN, whereas stronger counterevi-
dence calls for UPDATE. We further define hx(τ | a⋆(x)) as
a trajectory-quality scoring function that evaluates whether
the target behavior is effectively realized in the complete
trajectory. For example, when a⋆(x) = ASK, hx evalu-
ates whether the trajectory correctly identifies and asks for
the information that is actually missing. When a⋆(x) =
CRITIQUE, it evaluates whether the trajectory correctly
identifies the premise defect and explains or repairs it.

To operationalize the task utility ux(τ) introduced in Sec-
tion 2, we construct a behavior reward and a trajectory re-
ward:

rS(x, τ) = 1[g(τ) = a⋆(x)],

rR(x, τ) = 1[g(τ) = a⋆(x)]hx(τ | a⋆(x)). (9)

Here, rS indicates whether the model adopts the high-level
behavior required by the current task. By rewarding context-
appropriate high-level behavior, it provides an observable
proxy signal for Persona Selection. The trajectory reward
rR evaluates the quality with which the selected behavior is
realized in the complete trajectory.

We combine the two components into the total joint re-
ward:

Rx(τ) = λSrS(x, τ) + λRrR(x, τ), (10)
where λS and λR control the contributions of behavior se-
lection and trajectory quality, respectively. During Persona
Runtime Alignment, Rx(τ) serves as the training-time op-
erationalization of the abstract task utility ux(τ) introduced
in Section 2. The behavior extractor g and trajectory-quality
scorer hx can be implemented using task rules, deterministic
scorers, or an LLM judge.

Group-Relative Policy Optimization. For each task input
x, we sampleG candidate trajectories from the current policy
and compute their rewards using Equation (10). We then
optimize the model with Group Relative Policy Optimization
(GRPO) (Shao et al. 2024) based on the relative rewards
within each group, while constraining the policy against the
first-stage policyπθP through a KL penalty. For compactness,
write π0

θ(· | x) = πθ(· | x, p0) and π0
P (· | x) = πθP (· |

x, p0). The objective is

θR = argmax
θ

{
JGRPO

(
θ; {Rx(τi)}Gi=1

)
− βExDKL

(
π0
θ(· | x)∥π0

P (· | x)
)}

,

(11)
where JGRPO denotes the standard group-relative policy op-
timization objective, and β controls deviation from the first-
stage policy.

4 Experiments
We conduct systematic experiments to evaluate the effective-
ness of R2A and perform ablation analyses.

4.1 Experimental Setup
Training Data. Persona Representation Learning uses
Persona-learning examples organized through the Who–
How–What presentation. The data for Persona Runtime
Alignment are primarily derived from DeepMath-103K (He
et al. 2025), ACECODE-87K (Zeng et al. 2025), and our
self-constructed fresh-wiki QA, covering mathematical rea-
soning, code tasks, and open-domain question answering,
respectively. We adapt the source tasks around the four be-
havioral principles of the Accountable-Professional Persona
to construct the corresponding training tasks. Detailed data
construction procedures and statistics are provided in the
appendix.

Benchmarks and Metrics. We evaluate the four behav-
ioral principles of the Accountable-Professional Persona.
QuestBench (Li, Kim, and Wang 2025) and ClarifyMT-
Bench (denoted as ClarifyMT) (Luo et al. 2025) evaluate
Information Sufficiency; AbstentionBench (Kirichenko et al.



Principle Benchmark/Metric Qwen3-8B AP Persona RA-only R2A
Information Sufficiency QuestBench-GSM-Q Acc. ↑ 34.62 53.08 49.43 55.13

QuestBench-Logic-Q Acc. ↑ 17.91 15.83 18.00 30.43
ClarifyMT-Answer Acc. ↑ 72.99 54.46 99.90 77.25
ClarifyMT-Clarify Acc. ↑ 70.96 82.21 0.00 85.10

Feasibility Honesty AbstentionBench-fast F1 ↑ 75.63 74.65 76.44 73.28
XSTest-safe Over-refusal ↓ 3.20 2.80 6.00 2.80
OR-Bench-Hard Rejection ↓ 21.46 69.52 56.94 43.67

Premise Scrutiny PCBench-flawed/no-hint ARR ↑ 63.00 69.42 66.83 70.67
MiP-missing Detection ↑ 65.85 69.41 65.96 69.51
MathTrap-trap Acc. ↑ 20.19 38.46 22.12 37.50

Evidence Responsiveness SYCON-Debate Mean ToF ↑ 2.79 2.52 3.40 3.75
FaithEval-counterfactual Acc. ↑ 18.00 17.20 18.10 20.20

Table 1: Main results on the four Accountable-Professional principles. Values are percentages except for Mean Turn of Flip
(ToF). RA-only applies Persona Runtime Alignment directly to the base model without Persona Representation Learning. Bold
indicates the best result in each row.

2025), XSTest (Röttger et al. 2024), and OR-Bench (Cui
et al. 2025) evaluate Feasibility Honesty; PCBench (Li et al.
2025), MiP (Fan et al. 2025), and MathTrap (Zhao et al. 2024)
evaluate Premise Scrutiny; and SYCON-Bench (Hong et al.
2025) and FaithEval (Ming et al. 2025) evaluate Evidence
Responsiveness. For some benchmarks, we use their official
subsets; benchmark names with suffixes in the result figures
and tables refer to the corresponding subsets. We follow the
public evaluation protocols of each benchmark and report
its primary metric. Detailed subsets, metric definitions, and
scoring procedures are provided in the appendix.

Models. All experiments use Qwen3-8B (Yang et al. 2025)
as the backbone model. We compare the original Qwen3-
8B; AP Persona, which prepends a fixed Accountable-
Professional specification to each evaluation input; RA-only,
which applies Persona Runtime Alignment directly to the
original model without Persona Representation Learning;
and R2A, which undergoes Persona Representation Learn-
ing followed by Persona Runtime Alignment. Both trained
policies are evaluated without an explicit Persona specifica-
tion. All models use the same evaluation instances, decoding
settings, and scoring procedures. Additional training variants
are examined in the ablation studies.

Implementation Details. Persona Representation Learn-
ing uses full-parameter supervised fine-tuning, while Per-
sona Runtime Alignment uses full-parameter GRPO with a
group size of 8. All experiments are conducted on a server
equipped with 8 NVIDIA H200 GPUs. Complete training
hyperparameters are provided in the appendix.

4.2 Main Results
Table 1 reports the performance of Qwen3-8B, AP Persona,
RA-only, and R2A across the four behavioral principles. Be-
cause the benchmarks use different metrics and scales, we

do not average their raw scores; instead, we compare the
direction of task-level changes relative to Qwen3-8B.

More consistent cross-task gains. AP Persona improves
over Qwen3-8B in 6 of the 12 evaluation settings and de-
grades performance in the other 6, exhibiting clear mixed
effects. In contrast, R2A outperforms Qwen3-8B in 10 set-
tings. In a direct comparison with AP Persona, R2A records 9
wins, 1 tie, and 2 losses, substantially reducing the task-level
regressions caused by static Persona elicitation.

Improved complementary behaviors while retaining tar-
get gains. For Information Sufficiency, AP Persona im-
proves ClarifyMT-Clarify from 70.96 to 82.21 but reduces
ClarifyMT-Answer from 72.99 to 54.46, indicating pro-
nounced over-clarification. R2A instead improves the two
metrics to 85.10 and 77.25, respectively, while achieving the
best results on both QuestBench subsets. R2A also retains
the principal gains on Premise Scrutiny and reverses the
AP Persona regressions on both Evidence Responsiveness
benchmarks.

Regressions are confined to a small number of tasks.
R2A performs below Qwen3-8B on AbstentionBench-fast
and OR-Bench-Hard, but substantially mitigates the exces-
sive rejection introduced by AP Persona on OR-Bench-Hard.
The remaining regressions are concentrated in Feasibility
Honesty and do not alter the overall pattern of more consis-
tent gains across the majority of tasks.

4.3 Effect of Persona Representation Learning
To isolate the effect of Persona Representation Learning, we
construct RA-only, which skips the first stage and applies
Persona Runtime Alignment directly to Qwen3-8B. RA-only
uses the same training data, reward design, and training con-
figuration as R2A. The only difference is whether the policy



Figure 4: Behavioral frontier under static Persona elicitation.
Higher values on both axes are better.

undergoes Persona Representation Learning before Runtime
Alignment.

As shown in Table 1, R2A outperforms RA-only in 10 of
the 12 evaluation settings. The clearest difference appears
on ClarifyMT: RA-only reaches 99.90% on the Answer side
but falls to 0.00% on the Clarify side, exhibiting an extreme
ANSWER bias. R2A instead achieves 77.25% and 85.10%,
respectively, retaining both direct-answering and proactive
clarification capabilities. Feasibility Honesty shows a simi-
lar pattern. Although RA-only obtains a higher F1 score on
AbstentionBench-fast, it produces more severe over-refusal
on XSTest-safe and OR-Bench-Hard; R2A substantially im-
proves performance on both complementary-side evalua-
tions.

R2A also outperforms RA-only on QuestBench-Logic-Q,
all three Premise Scrutiny tasks, and both Evidence Re-
sponsiveness tasks. Overall, applying Runtime Alignment
directly to the base model can produce an imbalanced policy
biased toward a small subset of high-level behaviors. Per-
sona Representation Learning first establishes the Persona’s
principles, complementary behaviors, and their applicability
boundaries, enabling subsequent Runtime Alignment to pro-
duce broader and more stable behavior across task contexts.

4.4 Behavioral Frontier Analysis
Persona Selection determines which latent Persona state z is
instantiated for the current task, but this process cannot be ob-
served directly from the output. The selected state influences
how different Persona principles and behavioral tendencies
are expressed, ultimately appearing in the high-level course
of action adopted by the complete trajectory. Section 3.2
therefore introduces a behavior extractor g that maps a tra-
jectory τ to an observable behavior a = g(τ), together with a
target high-level behaviora⋆(x) for each task. Although these
observable behaviors are not identical to z, they provide a
natural intermediary for indirectly analyzing the outcome of
Persona Selection.

We construct a fixed behavioral evaluation set of 672 ques-
tions spanning Information Sufficiency, Feasibility Honesty,
and Premise Scrutiny. Following the complementary high-
level behaviors defined in Section 3.2, we distinguish two
classes of task states. The signature side comprises contexts
in which a Persona principle calls for active intervention:
ASK when information is insufficient, ABSTAIN when a
request cannot be answered reliably, and CRITIQUE when
a premise is invalid. The complementary side comprises
contexts in which intervention is unnecessary and the model
should complete the task normally: ANSWER, PROCEED,
and SOLVE, respectively.

Using the behavior-matching criterion g(τ) = a⋆(x) from
Section 3.2, let sa denote the proportion of tasks with target
behavior a⋆(x) = a for which the model selects behavior a.
We define the horizontal Signature-side success and vertical
Complementary-side success as

X =
sASK + sABSTAIN + sCRITIQUE

3
,

Y =
sANSWER + sPROCEED + sSOLVE

3
. (12)

Both axes assign equal weight to the three principles, and
higher values are better.

To characterize the behavioral range attainable through
static Persona elicitation, we systematically perturb the inter-
vention strength of the three principles in the Accountable-
Professional specification, producing 164 static prompt vari-
ants. Together with the AP Persona prompt used in the main
experiments, this yields 165 static Persona conditions, all
evaluated on the same 672 questions. The empirical Pareto
frontier in Figure 4 is computed exclusively from these static
conditions. Qwen3-8B and R2A do not participate in frontier
construction and are included only as external references.

Figure 4 reveals a clear behavioral tradeoff under static
Persona elicitation: higher signature-side success is gen-
erally accompanied by lower complementary-side success.
Qwen3-8B lies at (58.07, 85.70), while adding the AP Per-
sona prompt moves it to (69.22, 70.63). Static elicitation
therefore improves success when intervention is required by
11.15 percentage points, but reduces success when inter-
vention is unnecessary by 15.07 points, indicating a general
increase in the tendency to intervene.

R2A lies at (75.33, 82.11), attaining a behavioral com-
bination reached by none of the evaluated static Persona
prompts. Relative to AP Persona, it improves signature-side
and complementary-side success by 6.11 and 11.48 percent-
age points, respectively. This result indicates that R2A does
not uniformly amplify intervention-oriented Persona behav-
iors; instead, it more appropriately selects among comple-
mentary high-level behaviors according to the task context.

5 Conclusion
We introduced the Persona Selection–Realization Frame-
work to explain why static Persona elicitation produces in-
consistent effects across tasks, and proposed R2A, which
combines Persona Representation Learning with Runtime
Alignment to learn Persona policies without explicit Persona



prompts at inference time. Experiments across 12 evalua-
tion settings show that R2A achieves more consistent perfor-
mance than both the base model and static Persona elicitation.
Ablation and behavioral-frontier analyses further demon-
strate the importance of representation learning for balancing
signature and complementary Persona behaviors.

A Accountable-Professional Persona
A.1 Full Persona Specification
Verbatim Specification Used in Experiments

You are a seasoned professional who is accountable
for final outcomes, not for how agreeable you seem in
the moment.
You live by four commitments:
1. If a request is missing information you need, ask for

it before starting work. Otherwise, proceed directly.
2. If a task is unanswerable or infeasible, say so plainly

and explain why, instead of fabricating an answer.
Otherwise, complete the task.

3. If the premise of a question is wrong, point that out
before attempting a solution. Otherwise, address it
directly.

4. Hold your position when you have evidence; do not
cave to pressure or flattery. If the other side presents
better evidence, adopt it decisively.

Being briefly less agreeable is acceptable; delivering
a wrong or misleading result is not.

B Supplementary Experiments
B.1 Scaling to Qwen3-14B
To examine whether R2A scales to a larger backbone, we
apply the same two-stage training procedure to Qwen3-14B
(Yang et al. 2025). We evaluate the resulting policy on the
same 12 settings and compare it with the original Qwen3-
14B and Qwen3-14B under static Accountable-Professional
elicitation.

As shown in Figure B.1, static Persona elicitation records
6 wins and 6 losses relative to the base model, retaining
the mixed effect observed with Qwen3-8B. R2A records 8
wins and 4 losses relative to the base model, and 9 wins
and 3 losses relative to static Persona elicitation. R2A ob-
tains the best result on every Premise Scrutiny and Evidence
Responsiveness evaluation, as well as on three of the four
Information Sufficiency evaluations. These results indicate
that its advantage over static Persona elicitation extends to
Qwen3-14B. The remaining regressions are concentrated on
ClarifyMT-Answer and the Feasibility Honesty evaluations.

B.2 Effect of Who/How Presentation on Persona
Selection

To analyze the roles of different presentations in Persona
Representation Learning, we compare four model condi-
tions: Base, which receives no Stage-I training; Who/How,
which is trained only with the Who and How presentations;
What, which is trained only with complete task trajecto-
ries; and Full, which uses the complete Who–How–What

presentation. Comparing Who/How with Base isolates the
behavioral change associated with declarative Persona pre-
sentations, while comparing Full with What tests whether a
corresponding effect remains when trajectory supervision is
already present. This experiment is intended as a component-
level diagnostic rather than a strict, compute-matched causal
decomposition.

We study when models should continue clarifying and
when they should stop clarifying and begin answering on
ClarifyMT. Based on the task state after user feedback, we
divide the examples into two categories:
• Answer-ready: the user has supplied the necessary in-

formation or explicitly authorized the model to make the
choice, so the correct leading action is ANSWER;

• Still unresolved: a task-critical ambiguity remains, so the
correct leading action is to continue with ASK.

All outputs from all model conditions are reprocessed with
the same frozen parser, which determines only whether the
response begins with ANSWER or ASK. The resulting met-
ric therefore measures high-level behavioral selection as an
observable diagnostic of Persona Selection; it does not eval-
uate the correctness of the subsequent answer or the quality
of the clarification question.

For example i and model condition m, let y(m)
i = 1 if the

model selects the correct leading action and 0 otherwise. The
paired change from a reference condition A to a comparison
condition B is

∆(A → B) =
1

n

n∑
i=1

[
y
(B)
i − y

(A)
i

]
. (S1)

We estimate confidence intervals using paired bootstrap re-
sampling over the same examples and assess paired differ-
ences with exact McNemar tests followed by Holm correction
for multiple comparisons. All four primary state-level effects
remain significantly different from zero after correction.

As shown in Figure B.2 and Table B.1, Who/How im-
proves leading-action accuracy on Answer-ready examples
by 4.85 percentage points relative to Base. When What tra-
jectory supervision is already present, Full still improves
over What by 2.99 points. Who/How presentations therefore
change behavioral selection: once the missing information
has been supplied, or the user has delegated the choice to the
model, the model is more likely to stop repeating clarification
requests and proceed with the task.

Further dividing the Answer-ready examples shows that
Who/How improves over Base by 6.47 percentage points
when the user explicitly authorizes the model to decide, and
by 3.24 points when the user supplies precise information
that makes the task answerable. The effect is therefore not re-
stricted to one interaction pattern and is larger when the user
explicitly delegates the decision. This behavior is consistent
with the Accountable-Professional Persona’s objective: once
sufficient conditions for action are present, the model should
not delay task completion through unnecessary questions.

The direction reverses on Still-unresolved examples.
Who/How decreases accuracy by 7.99 percentage points rel-
ative to Base, and Full decreases it by 5.47 points relative
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Figure B.2: Effect of Who/How presentations on ClarifyMT leading-action selection. The horizontal axis shows the paired
change in leading-action accuracy on the same examples, and error bars denote 95% paired-bootstrap confidence intervals.
Positive values indicate that the comparison model more often selects the correct leading action; negative values indicate lower
accuracy.

to What. Stage-I supervision thus induces a tendency to re-
duce continued clarification and assume responsibility for
acting when conditions permit, but it does not yet reliably
distinguish resolved ambiguity from cases in which critical
information is still missing. The model may consequently
answer prematurely in the latter cases.

Full relative to What exhibits the same directional pattern
as Who/How relative to Base, showing that the tendency
induced by Who/How remains observable within the com-
plete Who–How–What presentation. Overall, Who/How es-
tablishes a directionally coherent Persona representation but
does not precisely calibrate the boundary of Persona Selec-

tion. This pattern is consistent with the two-stage design of
R2A: Persona Representation Learning first establishes the
Persona’s objective, conditional principles, and behavioral
tendencies, after which Persona Runtime Alignment uses
task feedback to calibrate the selection and realization of
complementary behaviors across task states.



Comparison Dialogue state Reference → comparison accuracy Paired change (pp) 95% paired CI
Who/How − Base Answer-ready 72.89% → 77.75% +4.85 [+3.77,+5.93]
Who/How − Base Still unresolved 70.83% → 62.84% −7.99 [−8.85,−7.13]
Full − What Answer-ready 77.35% → 80.34% +2.99 [+1.52,+4.41]
Full − What Still unresolved 51.62% → 46.15% −5.47 [−6.59,−4.34]

Table B.1: Paired changes in ClarifyMT leading-action accuracy. Confidence intervals are obtained by paired bootstrap resam-
pling over the same examples.

C Theoretical Supplement
C.1 Optimality of the Ideal Persona Policy
The main paper decomposes the model policy as

πθ(τ | x, p) =
∫
Z
qθ(z | x, p)Pθ(τ | x, z) dz, (S2)

where z denotes a Persona state. This is a functional decom-
position and does not require Persona Selection and Persona
Realization to be implemented as separate modules. It as-
sumes that, conditioned on x and z, the external Persona
specification p has no additional direct effect on trajectory
generation.

To ensure that the optimality definitions in Equations (4)
and (5) of the main paper are well-defined, we make the fol-
lowing assumptions. The feasible sets Q(x) and P(x, z) are
nonempty; ux(τ) is integrable under every feasible distribu-
tion; the corresponding maxima are attained by measurable
policies; and any q ∈ Q(x) can be combined with any feasi-
ble Realization family satisfying

P (· | x, z) ∈ P(x, z), ∀z ∈ Z. (S3)
Recall that

UP (x, z) =

∫
T
ux(τ)P (τ | x, z) dτ, (S4)

and
Jx(q, P ) =

∫
Z
UP (x, z)q(z | x) dz. (S5)

The main paper defines
P ⋆
x (· | x, z) ∈ argmax

P∈P(x,z)

UP (x, z), (S6)

and
q⋆x(· | x) ∈ argmax

q∈Q(x)

Jx(q, P
⋆
x ). (S7)

Proposition 1 (Optimality of the ideal Persona policy). For
any feasible Selection–Realization policy (q, P ),

Jx(q, P ) ≤ Jx(q
⋆
x, P

⋆
x ). (S8)

Therefore, the policyπ⋆
x induced by q⋆x andP ⋆

x is theoretically
optimal for task x under the Persona-state decomposition.

Proof. By the definition of P ⋆
x , for every z,

UP (x, z) ≤ UP⋆
x
(x, z). (S9)

Integrating both sides with respect to q(z | x) gives
Jx(q, P ) ≤ Jx(q, P

⋆
x ). (S10)

By the definition of q⋆x,
Jx(q, P

⋆
x ) ≤ Jx(q

⋆
x, P

⋆
x ). (S11)

Combining the two inequalities proves the result.

C.2 Exact Decomposition of the
Selection–Realization Gap

The value gap between static Persona elicitation and the ideal
Persona policy is

∆SR(x) = Jx(q
⋆
x, P

⋆
x )− Jx(qA, Pθ). (S12)

Theorem 1 (Selection–Realization Gap decomposition).
Suppose that

qA(· | x) ∈ Q(x), (S13)
and

Pθ(· | x, z) ∈ P(x, z), ∀z ∈ Z. (S14)
Then

∆SR(x) = ∆select(x) + ∆real(x), (S15)
where

∆select(x) = Jx(q
⋆
x, P

⋆
x )− Jx(qA, P

⋆
x ) ≥ 0,

∆real(x) = Jx(qA, P
⋆
x )− Jx(qA, Pθ) ≥ 0. (S16)

Proof. Adding and subtracting Jx(qA, P
⋆
x ) yields

∆SR(x) = Jx(q
⋆
x, P

⋆
x )− Jx(qA, P

⋆
x )

+ Jx(qA, P
⋆
x )− Jx(qA, Pθ)

= ∆select(x) + ∆real(x). (S17)

Since q⋆x maximizes Jx(q, P ⋆
x ) over Q(x) and qA ∈ Q(x),

Jx(q
⋆
x, P

⋆
x ) ≥ Jx(qA, P

⋆
x ), (S18)

which implies ∆select(x) ≥ 0. By the state-wise optimality
of P ⋆

x ,

UP⋆
x
(x, z) ≥ UPθ

(x, z), ∀z ∈ Z. (S19)

Integrating both sides with respect to qA(z | x) gives

Jx(qA, P
⋆
x ) ≥ Jx(qA, Pθ), (S20)

and therefore ∆real(x) ≥ 0.

The two terms can equivalently be written as

∆select(x) =

∫
Z
UP⋆

x
(x, z) [q⋆x(z | x)− qA(z | x)] dz,

∆real(x) =

∫
Z
qA(z | x)

[
UP⋆

x
(x, z)− UPθ

(x, z)
]
dz.

(S21)

Substituting Equation (S4) recovers the double-integral form
in Equation (6) of the main paper.



C.3 Persona States, Observable Behaviors, and
Training Rewards

A Persona state z is not directly observable. The main paper
therefore defines

a = g(τ) (S22)
as the observable high-level behavior extracted from a com-
plete trajectory. Define the probability of producing behavior
a from Persona state z as

Gθ(a | x, z) =
∫
T
1[g(τ) = a]Pθ(τ | x, z) dτ. (S23)

Also define the observable behavior distribution under exter-
nal Persona condition p as

ρθ(a | x, p) = Pr
τ∼πθ(·|x,p)

[g(τ) = a]. (S24)

Proposition 2 (Observable behavior distribution). The ob-
servable behavior distribution satisfies

ρθ(a | x, p) =
∫
Z
qθ(z | x, p)Gθ(a | x, z) dz. (S25)

Proof. Using Equation (S2) and exchanging the order of
integration,

ρθ(a | x, p) =
∫
T
1[g(τ) = a]πθ(τ | x, p) dτ

=

∫
Z
qθ(z | x, p)

[
∫
T
1[g(τ) = a]Pθ(τ | x, z) dτ

]
dz

=

∫
Z
qθ(z | x, p)Gθ(a | x, z) dz. (S26)

Thus, a provides an observable proxy for the outcome of
Persona Selection but is not identical to the Persona state
z. Its distribution is jointly determined by Persona Selection
and Persona Realization.

For a Runtime Alignment task x, define

Sx = Pr
τ∼πθ(·|x,p0)

[g(τ) = a⋆(x)] (S27)

as the probability of producing the target high-level behavior.
When Sx > 0, define

Hx = Eτ∼πθ(·|x,p0)[hx(τ | a⋆(x)) | g(τ) = a⋆(x)] .
(S28)

When Sx = 0, let Hx = 0.
Proposition 3 (Expected Runtime Alignment rewards). The
rewards defined in the main paper satisfy

E[rS(x, τ)] = Sx, (S29)
E[rR(x, τ)] = SxHx, (S30)

and
E[Rx(τ)] = Sx(λS + λRHx). (S31)

Presentation Role
Who Defines the Persona’s identity, responsibility,

and overarching objective
How Describes the applicability conditions and

boundaries of the four principles
What Demonstrates how these objectives and prin-

ciples unfold in complete task trajectories

Table D.1: The three presentation types used for Persona
Representation Learning.

Proof. Since rS is the indicator of the event g(τ) = a⋆(x),

E[rS(x, τ)] = Sx. (S32)

By the definition of conditional expectation,

E[rR(x, τ)] = E[1[g(τ) = a⋆(x)]hx(τ | a⋆(x))]
= SxHx. (S33)

Finally, using

Rx(τ) = λSrS(x, τ) + λRrR(x, τ), (S34)

and linearity of expectation,

E[Rx(τ)] = λSSx + λRSxHx

= Sx(λS + λRHx). (S35)

Therefore, rS is an observable proxy for whether the tar-
get high-level behavior is expressed, while rR measures the
joint outcome of expressing that behavior and realizing it
effectively. Neither reward is a direct numerical estimate of
the theoretical Selection Gap or Realization Gap.

D Training Data Construction
The training data for R2A are organized around its two-
stage objective. Persona Representation Learning uses Who–
How–What presentations to establish the Accountable-
Professional Persona’s overarching objective, conditional be-
havioral principles, and concrete manifestations in complete
task trajectories. Persona Runtime Alignment then removes
the explicit Persona specification and uses task states from
mathematics, code, and grounded question answering to cal-
ibrate how these principles are selected and realized in prac-
tice. The data are therefore designed not to uniformly increase
questioning, abstention, critique, or persistence, but to rep-
resent the conditions under which each behavior—and its
complementary behavior—is appropriate.

D.1 Who–How–What Data
The supervised data for Persona Representation Learning
consist of three presentation types, summarized in Table D.1.

Who. The Who presentation defines the overarching ob-
jective of the Accountable-Professional Persona. Its purpose
is not to induce a particular linguistic style, but to establish
responsibility for the factual basis of a task, the quality of



professional judgment, the next actionable step, and the even-
tual outcome. The examples also distinguish accountability
from both excessive caution and unsupported completion:
the model should neither stop feasible work merely to appear
careful nor guess or fabricate merely to appear capable.

A representative training example is:
Representative Who Training Example
User: What does being an accountable professional mean
when you prepare decisions for an executive rather than
making the final choice yourself?
Assistant: I treat accountability as ownership of the deci-
sion’s factual foundation and usable next step. I surface con-
flicts, verify consequential details, distinguish evidence from
preference, and make assumptions visible without burying
the executive in avoidable questions. Once the choice is
made, I preserve the rationale, execute the authorized actions
carefully, and raise new evidence promptly if it changes the
risk.

This example does not teach a specific task skill. Instead,
it specifies the objective that should organize subsequent
judgments and actions.

How. The How presentation expresses the four
Accountable-Professional principles as conditional bound-
aries between complementary behaviors:

ASK/ANSWER ABSTAIN/PROCEED

CRITIQUE/SOLVE MAINTAIN/UPDATE.

The examples do not independently reinforce one side of each
pair. They specify when a behavior is appropriate and when
its complementary behavior should instead be expressed. The
model should ask only when missing information materially
affects task completion, proceed when a task remains reliably
feasible, avoid manufacturing objections when the premises
are sound, and update only when stronger evidence changes
the conclusion.

A representative training example is:
Representative How Training Example
User: As the lead researcher, how should you handle a re-
quest for a definitive limitation-period analysis when the
governing jurisdiction has not been identified?
Assistant: I would first isolate the fact that controls the
legal conclusion: Which jurisdiction governs the dispute?
Limitation rules can change materially across jurisdictions,
so choosing one silently would create false certainty. While
that answer is pending, I can organize the known dates,
claims, and possible tolling facts, but I would reserve the
definitive conclusion until the governing law is supplied.

The example illustrates both the behavior and its boundary:
the model asks for the missing condition that determines the
conclusion, while continuing work that does not depend on
that condition.

What. The What presentation instantiates the Persona’s
objective and conditional principles in complete trajectories
from mathematics, code, and grounded question answering.
It shows how the model interprets the current task state, takes
an appropriate course of action, and carries the task through
to a complete response.

The What layer draws from the same main source families
used for Persona Runtime Alignment: DeepMath-103K (He
et al. 2025), ACECODE-87K (Zeng et al. 2025), and Fresh-
Wiki QA. We use Qwen3-32B (Yang et al. 2025) as the
trajectory-authoring model. Given a source task and the rel-
evant Accountable-Professional principles, it generates can-
didate trajectories that include task-state interpretation, the
resulting action, and the final task response.

Candidate trajectories are subsequently reviewed for three
properties: whether the expressed behavior is appropriate
for the task state, whether the subsequent trajectory real-
izes that behavior effectively, and whether the final response
satisfies the original task. Mathematics, code, and grounded-
QA trajectories are checked against their corresponding task
references, execution conditions, or source evidence. Only
complete and task-consistent trajectories are retained.

Who and How examples are authored in multiple inde-
pendent batches and reviewed under a shared rubric. Repet-
itive, slogan-like, AI-self-referential, or one-sided examples
that collapse a principle into a fixed response tendency are
removed. Model-visible inputs exclude benchmark names,
reward descriptions, and target behavior labels, and supervi-
sion is applied only to the designated assistant outputs.

D.2 Persona Runtime Alignment Data
Persona Runtime Alignment tasks are primarily constructed
from DeepMath-103K, ACECODE-87K, and Fresh-Wiki
QA, providing source tasks in mathematics, code, and
grounded question answering, respectively. Their roles are
summarized in Table D.2.

The source tasks are adapted around the four Accountable-
Professional principles rather than used only as ordinary
capability-training examples.

Information Sufficiency. Tasks distinguish between con-
texts in which task-critical information is missing and con-
texts in which the available information is sufficient. When
the missing information can be supplied through interaction,
the model must identify the specific gap and request it; when
the task is sufficiently specified, it should complete the task
directly.

Feasibility Honesty. Tasks distinguish between requests
for which a reliable outcome is unavailable and tasks that
remain feasible. The former require the model to recognize
and communicate the limitation, whereas the latter require
it to continue rather than abstain merely because the task is
difficult or unfamiliar.

Premise Scrutiny. Tasks distinguish invalid, missing, or
contradictory premises from sound ones. The model must
identify consequential premise defects when present, while
avoiding unnecessary critique when the task is well formed.

Evidence Responsiveness. Multi-turn tasks distinguish
unsupported pressure from genuinely stronger evidence. The
model should maintain a supported conclusion under repeti-
tion, authority cues, or ungrounded challenges, but revise it
when new evidence changes the task state.

The same principle is instantiated across multiple do-
mains, and the same domain contains different behavioral



Source Domain Role in Runtime Alignment
DeepMath-103K Mathematical reasoning Supports task states involving missing conditions, feasibility, premise validity, and subsequent evidence
ACECODE-87K Code Supports task states involving incomplete requirements, implementation feasibility, invalid assumptions, and execution feedback
Fresh-Wiki QA Grounded question answering Supports answerable, clarification-seeking, and abstention-requiring evidence states

Table D.2: Primary sources and roles of the Persona Runtime Alignment data.

states. This reduces the extent to which the policy can
associate a behavior with a topic alone. During Runtime
Alignment, the policy receives only a neutral task instruc-
tion and the interaction history currently available to it. The
Accountable-Professional specification and target high-level
behavior are not included in the policy input. The policy must
therefore infer the appropriate behavior from the task state
itself.

The tasks are designed so that selecting an appropriate
high-level behavior is not sufficient on its own. A clarifi-
cation question must recover the information that is actually
missing; identifying a defective premise must lead to a useful
continuation; and revising a conclusion must remain consis-
tent with the newly available evidence. The resulting task
trajectories therefore provide feedback on both behavior se-
lection and trajectory-level realization.

Only tasks with a clear task state, a valid interaction pro-
cess, and reliable outcome feedback are retained. Model-
visible context is separated from task-internal information
used to maintain the environment and assess the completed
trajectory. The final training package is additionally checked
for format integrity, masking correctness, source lineage, and
conflicts with the frozen evaluation data.

D.3 Fresh-Wiki QA
Fresh-Wiki QA is a Wikipedia-derived training source con-
structed for this work and is unrelated to the public bench-
mark FreshQA (Vu et al. 2024), which is not used for training.
It mainly supports Information Sufficiency and Feasibility
Honesty by creating different evidence states for otherwise
similar factual questions.

Candidate pages are retrieved from English Wikipedia cat-
egories corresponding to 2025–2026 releases and entities.
This temporal filtering is intended to reduce confounding
from answers that the model can retrieve directly from para-
metric memory; it does not guarantee that the underlying
facts were absent from pretraining. Fresh-Wiki QA consists
of source-grounded, single-hop factual questions rather than
multi-hop questions.

Each source record contains a question, an answer and
its aliases, an authentic supporting sentence, the surround-
ing context, and source metadata. The answer must occur
explicitly in the supporting sentence, and the supporting
sentence must be an authentic substring of the correspond-
ing Wikipedia text. Candidates without a reliable answer–
evidence relation are removed rather than repaired with syn-
thetic evidence.

Candidate questions undergo closed-book and open-
context screening. Questions that can already be answered
consistently without the source material are treated as overly
easy or potentially affected by memorization. Questions that

Task state Available evi-
dence

Expected behav-
ior

Answerable The decisive sup-
porting evidence
is visible

Answer directly
from the provided
material

Clarification Necessary infor-
mation is initially
hidden but can be
obtained through
interaction

Ask a targeted
question and an-
swer after the in-
formation is pro-
vided

Abstention The decisive evi-
dence is unavail-
able and cannot be
obtained

State that the an-
swer cannot be
determined reli-
ably rather than
guess

Table D.3: Fresh-Wiki QA task states constructed by con-
trolling evidence availability.

remain unreliable even when the complete evidence is sup-
plied are treated as insufficiently clear. Retained records
are also checked for answer–evidence consistency, source-
lineage duplication, and textual collisions with evaluation
data and other training sources.

For each retained fact, we control the availability of deci-
sive evidence to construct three task states, summarized in
Table D.3.

These states are created by programmatically retaining,
hiding, removing, or releasing authentic source evidence; the
underlying fact is not rewritten. The answer, aliases, and sup-
porting sentence remain hidden from the policy and are used
only to maintain the interaction and assess the completed
task. Consequently, the appropriate behavior is determined
by the evidence currently available to the policy rather than
by the topic, surface form, or an explicit Persona prompt.

E Training Details
The main experiments use Qwen3-8B (Yang et al. 2025)
as the backbone and proceed through Persona Represen-
tation Learning followed by Persona Runtime Alignment.
Section B.1 applies the same two-stage procedure to Qwen3-
14B. Both stages use full-parameter training without LoRA
(Hu et al. 2022).

Stage I is trained for 2 epochs. Stage II is initialized from
the final Stage-I checkpoint, with the optimizer and learning-
rate scheduler reinitialized, and is trained for 1 epoch. All
training runs are conducted on a single node with 8 NVIDIA
H200 GPUs using BF16 precision and a maximum sequence
length of 4,096 tokens.

Stage I uses fully sharded data parallelism (FSDP) with
full sharding and gradient checkpointing. Stage II uses FSDP



Configuration
Persona Representation

Learning
Persona Runtime

Alignment
Epochs 2 1
Learning rate 1× 10−5 1× 10−6

Optimizer AdamW AdamW
Weight decay 0.1 0.01
Scheduler Cosine Constant
Gradient clipping 1.0 1.0
Rollouts per task – 8

Sampling –
Temperature 0.7,

top-p 0.95
KL coefficient – 0.02
Precision BF16 BF16
Hardware 8×H200 8×H200

Table E.1: Training configurations for the two stages of R2A.

to manage the actor and reference models, with SGLang for
rollout generation.

F Benchmark and Metric Details
F.1 Common Evaluation Setup
We evaluate ten benchmark families. Because QuestBench
and ClarifyMT each contribute two separately reported
subsets, the evaluation contains twelve settings in total.
The benchmark families are QuestBench (Li, Kim, and
Wang 2025), ClarifyMT (Luo et al. 2025), AbstentionBench
(Kirichenko et al. 2025), XSTest (Röttger et al. 2024), OR-
Bench (Cui et al. 2025), PCBench (Li et al. 2025), MiP
(Fan et al. 2025), MathTrap (Zhao et al. 2024), SYCON-
Bench (Hong et al. 2025), and FaithEval (Ming et al. 2025).
All benchmark results are reported separately, and no cross-
benchmark average is computed. The capabilities evaluated
by each benchmark and their correspondence to the behav-
ioral principles of the Accountable-Professional Persona are
shown in Figure 1 of the main paper.

Within each model comparison, all conditions use the
same evaluation instances, decoding configuration, and scor-
ing procedure. Inference uses temperature 0, top-p 1, one
completion per instance, and random seed 31415.

We use deterministic parsers or matchers when applicable.
Benchmarks requiring semantic assessment are evaluated us-
ing a frozen label-only Judge. Within each comparison, all
model conditions share the same Judge configuration, scor-
ing prompt, and label definitions.

F.2 Benchmark Configurations
The primaryn in Table F.1 denotes the denominator of the re-
ported metric. Parenthetical totals additionally include paired
controls or dialogue turns that are not necessarily included
in the corresponding primary-metric denominator.

All metrics are reported as percentages except Mean Turn
of Flip. Arrows indicate the direction of better performance.

F.3 Metric Definitions
AbstentionBench-fast. We treat abstain as the positive
class and compute binary F1 separately within each score

group:

F1g =
2TPg

2TPg + FPg + FNg
, (S36)

where TPg , FPg , and FNg are defined with respect to ab-
stention in score group g. The reported score is the equally
weighted mean across the 19 score groups:

AbstentionF1 =
1

19

19∑
g=1

F1g. (S37)

The metric is therefore a score-group macro average rather
than a single F1 computed after pooling all 1,900 instances.
Higher values are better.

QuestBench-GSM-Q. The released parser extracts the op-
tion selected by the model. GSM-Q accuracy is defined as

GSMAcc =
Ncorrect option

439
. (S38)

Higher values indicate more accurate identification of the
information required to complete the reasoning problem.

QuestBench-Logic-Q. The released matcher normalizes
the model response and determines whether it matches the
target logical attribute:

LogicAcc =
Nnormalized matches

1,150
. (S39)

Higher values indicate more accurate identification of the
missing logical information.

ClarifyMT-Answer. For Answer-side instances, the ap-
propriate initial action is to answer directly because the avail-
able information is sufficient. We parse the leading action of
each response and compute

AnswerDecisionAcc =
Nleading action=answer

2,040
. (S40)

This metric evaluates whether the model chooses to answer.
It does not evaluate the correctness of the subsequent answer
content.

ClarifyMT-Clarify. For Clarify-side instances, the appro-
priate initial action is to request additional information.
Clarify-side decision accuracy is

ClarifyDecisionAcc =
Nleading action=clarify

4,080
. (S41)

This metric evaluates whether the model chooses to clarify.
It does not evaluate the quality of the generated clarification
question.

PCBench-flawed/no-hint. Active Recognition Rate mea-
sures whether the model proactively identifies and challenges
the relevant false premise without being explicitly instructed
to inspect it:

ARR =
Nrecognized

1,200
. (S42)

Here, Nrecognized is the number of responses classified as
identifying the relevant premise error. Higher values are bet-
ter.



Benchmark and subset Primary n Scoring method Reported metric
AbstentionBench-fast 1,900 Label-only Judge Score-group mean abstention F1 ↑
QuestBench-GSM-Q 439 Released parser GSM-Q accuracy ↑
QuestBench-Logic-Q 1,150 Released matcher Logic-Q accuracy ↑
ClarifyMT-Answer 2,040 Deterministic leading-action parser Answer-side decision accuracy ↑
ClarifyMT-Clarify 4,080 Deterministic leading-action parser Clarify-side decision accuracy ↑
PCBench-flawed/no-hint 1,200 Label-only Judge Active Recognition Rate ↑
MiP-missing 984 (1,618 total) Label-only Judge Missing-premise detection rate ↑
MathTrap-trap 104 (208 total) Label-only Judge Trap accuracy ↑
SYCON-Debate 100 topics (500 turns) Label-only Judge Mean Turn of Flip ↑
FaithEval-counterfactual 1,000 Normalized reference matcher Counterfactual accuracy ↑
XSTest-safe 250 safe prompts (450 total) Label-only Judge Safe over-refusal rate ↓
OR-Bench-Hard 1,319 Label-only Judge Rejection rate ↓

Table F.1: Benchmark configurations and reported metrics.

MiP-missing. Missing-premise detection rate measures
whether the model recognizes that a necessary condition
is absent:

MiPDetection =
Nlabeled insufficient

984
. (S43)

The primary metric is computed over the 984 missing-
premise instances. The corresponding 634 original instances
are evaluated as paired controls and are not included in the
primary denominator.
MathTrap-trap. Trap accuracy measures whether the re-
sponse correctly identifies the annotated contradiction, miss-
ing condition, undefined condition, or other defect that pre-
vents the problem from being solved as stated:

TrapAcc =
Ncorrectly identified

104
. (S44)

The primary metric is computed over 104 trap variants. Their
104 original counterparts are used as paired controls and are
not included in the Trap accuracy denominator.
SYCON-Debate. Each topic contains five rounds of con-
secutive opposing feedback. For topic i, let

Ti ∈ {0, 1, . . . , 5} (S45)
denote the number of consecutive initial rounds for which
the model remains aligned with its assigned stance. Count-
ing stops when a response is first classified as neutral or
opposing. Mean Turn of Flip is defined as

MeanToF =
1

100

100∑
i=1

Ti. (S46)

The metric ranges from 0 to 5. Higher values indicate that the
model is more likely to maintain its stance under unsupported
opposing feedback.
FaithEval-counterfactual. Counterfactual accuracy mea-
sures whether the model answers according to the supplied
counterfactual context rather than defaulting to its prior world
knowledge. After normalizing the response and reference an-
swers, we compute

CounterfactualAcc =
Nreference matches

1,000
. (S47)

A response is counted as correct when it matches the nor-
malized reference answer or an accepted alias supported by
the supplied context. Higher values are better.

XSTest-safe. Safe over-refusal rate measures how often the
model refuses requests that are safe and answerable:

SafeOverRefusal =
Npartial refusal +Nfull refusal

250
. (S48)

The primary metric is computed over the 250 safe prompts.
The remaining 200 unsafe prompts serve as controls and are
not included in this denominator. Lower values are better.

OR-Bench-Hard. Rejection rate measures how often the
model refuses benign requests from the Hard subset:

RejectionRate =
Nindirect refusal +Ndirect refusal

1,319
.

(S49)
Both indirect and direct refusals are counted as rejections.
Lower values are better.

F.4 Direction-Aligned Visualization
The result tables report all metrics in their original forms.
Percentage-based metrics are reported as percentages, Mean
Turn of Flip is reported on its original 0-to-5 scale, and the
XSTest and OR-Bench metrics retain their lower-is-better
directions.

For Figure 2 of the main paper, the metrics are converted to
a common higher-is-better direction. Percentage values are
first expressed as proportions. The three metrics requiring
additional transformation are

SYCONdisplay =
MeanToF

5
, (S50)

XSTestdisplay = 1− SafeOverRefusal, (S51)
ORBenchdisplay = 1− RejectionRate. (S52)

These transformations are used only for visualization. The
result tables report the original metrics, and the transformed
values are not used to compute a cross-benchmark aggregate.



F.5 Evaluation Scope
For each semantic-scoring benchmark, the Judge configura-
tion, scoring prompt, and label definitions are fixed across
all model conditions within the same comparison.

The MathTrap primary result covers the 104 trap variants
in the evaluated paired set, with the corresponding original
problems used as controls. The OR-Bench result covers the
1,319 benign prompts in the Hard subset. The reported scores
therefore refer specifically to these evaluated subsets.

G Construction of the Static Persona Prompt
Families

The Behavioral Frontier analysis in the main paper uses
165 static Persona conditions, consisting of 164 controlled
prompt variants and the canonical Accountable-Professional
prompt used in the main experiments. The canonical prompt
is provided in Section A.1. The 164 variants comprise two
prompt families, Static64 and Wide100. All variants re-
tain the same Accountable-Professional role description and
other fixed instructions, while varying only the formulations
of Information Sufficiency, Feasibility Honesty, and Premise
Scrutiny—the three principles examined in the Behavioral
Frontier analysis.

G.1 Static64
Static64 assigns four intervention levels to each of the three
principles and combines them using a full-factorial design:

4Q × 4S × 4C = 64, (S53)
where Q, S, and C denote Information Sufficiency, Fea-
sibility Honesty, and Premise Scrutiny, respectively. Each
formulation specifies both a signature behavior and its com-
plementary behavior. For example, the model should clarify
when task-critical information is missing but answer directly
when the available information is sufficient; state its limita-
tions when a task cannot be completed reliably but proceed
when it is feasible; and identify problematic premises while
solving normally when the premises are sound. The levels
therefore vary the applicability boundaries and intervention
tendencies of each principle rather than simply adding or
removing that principle.

G.2 Wide100
To cover a broader range of behaviors under static elicita-
tion, Wide100 assigns five predefined formulations to each
of Q, S, and C. These formulations range from completion-
first and delayed intervention to balanced, broader, and more
conservative intervention tendencies. The complete factorial
design contains

5Q × 5S × 5C = 125 (S54)
combinations. We retain 100 combinations using a fixed
fractional-factorial design. Let

q, s, c ∈ {0, . . . , 4} (S55)
denote the formulation indices for the three principles. Com-
binations satisfying

c =
(
3(q + s) + 1

)
mod 5 (S56)

are excluded. In the resulting design, each formulation ap-
pears 20 times along each dimension, and every pairwise
combination of formulations appears four times.

Together, the 64 Static64 conditions, the 100 Wide100
conditions, and the canonical Accountable-Professional
prompt form the 165 static Persona conditions used in the
main paper. In the frontier figure, the 164 controlled variants
are grouped as prompt points and the canonical prompt is
marked separately. Qwen3-8B and R2A are included only as
external reference points and are excluded from the empirical
Pareto-frontier construction.
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