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Abstract

Personalizing Large Language Models (LLMs)
for long-term multi-turn interactions remains
challenging, as user preferences and behav-
ioral traits are progressively revealed and con-
tinuously evolving throughout conversations.
Previous personalization methods have mostly
relied on prompt-based or post-training (e.g.,
fine-tuning) paradigms; however, these ap-
proaches have been either prone to shallow
alignment or have suffered from high computa-
tional costs. Inspired by the recent emergence
of activation steering, we explore whether per-
sonalized alignment can be achieved through
lightweight latent-space intervention without
modifying backbone parameters. To achieve
this goal, we propose PersonaSteer, a dynamic
side-model architecture for multi-turn personal-
ized alignment via learnable activation steering.
Specifically, to enable fine-grained and evolv-
ing personalization, our design learns high-
dimensional steering representations from un-
structured interaction history and injects them
into the backbone model’s residual stream for
latent-space behavioral modulation. Further-
more, we introduce a steering-vector feedback
loop to maintain persona consistency across
multi-turn conversations. Extensive experi-
ments demonstrate that PersonaSteer achieves
best or top-tier alignment performance, av-
eraging 3.18/5 on Qwen2.5-7B and 2.95/5
on Qwen2.5-3B. In addition, our framework
approach maintains stability during evolving
dialogues, with alignment performance con-
sistently improving over time. PersonaSteer
provides a lightweight solution for building
truly dynamic and personalized LLM. The
code is available in https://github.com/
tsinghua-fib-1lab/PersonaSteer.

1 Introduction

The proliferation of Large Language Models
(LLMs) has fundamentally transformed user inter-
actions (Guo et al., 2025; Zhao et al., 2023; Shao

et al., 2026). However, the prevailing “one-size-
fits-all” alignment paradigm struggles to accom-
modate the heterogeneous and nuanced demands
of individual users (Liu et al., 2025). Achieving
deep personalization, where models faithfully re-
flect stable user preferences while continuously
adapting to evolving behavioral patterns across
multi-turn interactions, is essential for interactive
dialogue systems and personal assistants (Chris-
takopoulou et al., 2023; Salemi et al., 2024; Zeng
et al., 2025). Such systems are required to dynami-
cally model the user profiles and provide personal-
ized responses for long-term human-Al collabora-
tion.

Despite the growing demand for tailored Al
experiences, constructing personalized LLMs for
long-term multi-turn interactions remains techni-
cally challenging. Existing approaches primarily
operate in either the input space or the parameter
space; however, both struggle to balance personal-
ization quality, computational efficiency, and tem-
poral adaptability. Prompt-based methods(Zhao
et al., 2025a; Wei et al., 2022) personalize models
via the input space, such as by leveraging RAG to
recall historical memories. Despite their flexibil-
ity, these techniques are often hindered by noisy
or diluted contextual signals as conversations grow
longer, limiting stable persona consistency and the
overall quality of personalization. Post-training
methods(Shao et al., 2023; Tan et al., 2024b; Xu
et al., 2025), ranging from preference alignment
to specialized fine-tuning (e.g., SFT), embed per-
sonalization into model parameters through contin-
ual optimization. However, such approaches are
computationally expensive and fundamentally con-
strained by static parameter spaces, limiting their
ability to dynamically adapt to user behaviors and
shifting preferences during long-term interactions.

Recently, activation steering(Subramani et al.,
2022; Turner et al., 2024) has emerged as a
lightweight and flexible solution for deep-level in-
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Figure 1: Comparison of personalized alignment paradigms.

tervention within the model’s internal representa-
tions. However, current steering techniques are typ-
ically fixed to limited dimensional subspaces (e.g.
the Big Five personality) or predefined semantic
directions extracted via techniques such as probing
and principal component analysis (PCA)(Kim et al.,
2025; Heo et al., 2025; Zhu et al., 2024), restricting
their ability to capture fine-grained and evolving
user characteristics. While recent attempts like
CHAMELEON(Zhang et al., 2025) have sought to
automate this process, they remain insufficient in
precision and lack a robust mechanism for multi-
round persona evolution. Consequently, existing
models struggle to sustain character consistency
in extended dialogues, failing to adapt as the user
interaction progresses.

To address these limitations, we propose Per-
sonaSteer, a lightweight personalization frame-
work utilizing dynamic activation steering to
achieve fine-grained and evolving personal-
ized alignment. The framework introduces a
lightweight and trainable side-network operating
alongside a frozen backbone LLLM to dynamically
generate steering vectors from user queries and his-
torical interaction states. We inject these steering
vectors into the model’s residual stream, enabling
latent-space behavioral modulation without modi-
fying backbone parameters. We optimize the side-
network module through a Joint Multi-Task Learn-
ing objective that combines standard Supervised
Fine-Tuning (SFT) with Supervised Contrastive
Learning (SCL) to enforce persona discriminability.
Furthermore, to address persona drift in multi-turn
conversations, we introduce a steering-vector feed-
back loop that recursively incorporates historical

steering states into subsequent interactions. This

mechanism enables PersonaSteer to maintain stable

persona consistency while continuously adapting
to dynamic user behaviors throughout extended
dialogues.

We conduct extensive experiments on the ALOE
benchmarks (Wu et al., 2025), where PersonaS-
teer outperforms prompting-based methods and
prior activation-steering baselines. Using Qwen?2.5-
3B as a representative backbone, our framework
achieves a 13.9% enhancement in alignment level
compared to complex agentic workflow methods.
More notably, it outperforms previous activation
steering baselines by 46.8%. Despite operating as a
lightweight side-network without modifying back-
bone parameters, PersonaSteer achieves perfor-
mance competitive with post-training approaches at
lower computational cost. Further analysis reveals
that our method maintains a stable and progres-
sively evolving alignment level, exhibiting superior
robustness against persona decay compared to ex-
isting approaches. Ablation studies further confirm
the necessity of our steering vector feedback loop
and contrastive learning loss.

In summary, our major contributions in this work
include:

* We propose a novel personalization framework
based on learnable activation steering. Unlike
conventional activation steering methods con-
fined to fixed semantic directions, our approach
intervenes in a broader latent space, enabling the
model to capture complex personal traits.

 To ensure character consistency across extended
interactions, we introduce a steering vector feed-
back loop. By treating intervention vectors as
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dynamic memory states, this mechanism facili-
tates multi-round persona evolution.

* We introduce a Supervised Contrastive Loss
into the steering vector optimization process.
By pulling steering vectors of the same persona
closer and pushing those of different personas
apart, our framework ensures high persona dis-
criminability within the latent space.

* We demonstrate the efficacy of our framework
through extensive evaluations on the ALOE
benchmark. Experimental results show that Per-
sonaSteer significantly outperforms existing acti-
vation steering baselines by 46.8% and achieves
a 13.9% improvement over agentic workflows,
providing a robust, stable, and cost-effective so-
lution for preference tracking alignment.

2 Related Work

2.1 LLM Personalization

The pursuit of personalized LLMs has evolved
across several paradigms. Prompt-based methods
leverage in-context learning, with frameworks such
as LaMP (Salemi et al., 2024) and Personalized-
LLM (Tan et al., 2024a,b) utilizing RAG to inject
historical user profiles. Extensions like MemGPT
(Packer et al., 2024) and LD-Agent (Li et al., 2025a)
manage contexts as external memory. However,
growing personalized context dilutes LLMs with
irrelevant noise, degrading persona adherence in
long-form generation or multi-turn dialogues (Liu
et al., 2023). Fine-tuning methods internalize user
traits via SFT (Ouyang et al., 2022) and DPO
(Rafailov et al., 2024), with PEFT techniques like
LoRA (Hu et al., 2021) adopted for efficient adap-
tation (Shao et al., 2023)(Tan et al., 2024b). RLPA
(Zhao et al., 2025b) further introduces reinforce-
ment learning for dynamic alignment. Yet these
methods remain computationally prohibitive, and
weight-based updates yield static model states
lacking temporal agility to assimilate real-time be-
havioral shifts without recurring training.

2.2 Activation Steering

To bridge the gap between training-heavy and
context-heavy methods, activation steering (Subra-
mani et al., 2022; Turner et al., 2024) has emerged
as a promising middle ground. This paradigm
is fundamentally rooted in the Linear Represen-
tation Hypothesis (LRH) (Park et al., 2023)(El-
hage et al., 2022), which posits that high-level con-
cepts are encoded as linear directions within the

latent space. Recent research has leveraged this to
achieve Personality Alignment; for instance, PAS
(Zhu et al., 2024) utilizes personality inventories
and the PAPI dataset to optimize activation inter-
ventions, achieving alignment with traits like the
Big Five. Building on this, CHAMELEON (Zhang
et al., 2025) explored automated steering to induce
persona-specific behaviors without manual vector
crafting. However, these methods primarily focus
on static persona traits and remain limited by their
reliance on low-dimensional semantic directions,
lacking the multi-turn memory feedback loops nec-
essary for sustained character consistency in evolv-
ing dialogues. Our work extends this paradigm into
a dynamic, memory-augmented framework capable
of tracking shifting behavioral states.

3 Methodology

3.1 Overview of PersonaSteer Framework

The PersonaSteer framework operates on the prin-
ciple of latent space intervention. As illustrated in
the provided implementation, the system consists
of a frozen backbone LLM (81,1,5s) and a trainable
side-network (¢). Given a sequence of user turns
{u1,ug,...,uy}, the side-network generates a
sequence of steering vectors {v1,vg, ...,

v,} that are injected into the residual
stream(Lieberum et al., 2024; Templeton,
2024) of a specific transformer layer. The
optimization objective is formulated as a Joint
Multi-Task Learning problem:

(i) Generative Alignment (SFT): To ensure the
model generates personalized content, we
minimize the negative log-likelihood:

T

Lspr ==Y log P(y: | y<r,u, 2Y) (1)
=1

where () represents the modified activa-
tions at layer /.

(ii) Persona Discriminability: To ensure that
steering vectors capture unique persona traits,
we employ a Supervised Contrastive Loss
(SCL). For a batch of steering vectors, let ¢
be the index of a sample and P(i) be the set
of indices of all samples sharing the same
persona label. The loss is defined as:

sim(v;,vp)/T

e
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Figure 2: Overview of Our Proposed PersonaSteer Framework.

where sim(-) denotes cosine similarity and
T is a temperature hyperparameter. The to-
tal training objective is Liotqr = Lsrr +
algcr, where « is the contrastive weight.

3.2 Lightweight Side-Network Architecture

To facilitate deep behavioral intervention without
perturbing the foundational knowledge of the LLM,
we introduce a decoupled latent steering genera-
tor, denoted as ¢. The core philosophy of this archi-
tecture is to treat personalization as a non-intrusive
modulation signal, mapping heterogeneous user
behavioral signals into the high-dimensional acti-
vation space of the backbone LLLM.

3.2.1 Semantic Feature Extraction

The process begins by distilling the current user ut-
terance u; through a frozen, high-capacity semantic
encoder £(-). Specifically, we utilize a pre-trained
transformer-based bi-encoder to project discrete
textual tokens into a stable embedding space R%ne,
This design choice is strategic: by leveraging an ex-
ternal encoder, the side-network inherits robust,
task-agnostic linguistic priors. This allows the
framework to remain parameter-efficient, as the
trainable components are focused exclusively on
persona-specific steering rather than basic language
modeling. Consequently, the total trainable param-
eter count is kept orders of magnitude smaller than
that of the backbone LLM, ensuring scalability in
real-world deployments.

3.2.2 Cross-Model Activation Alignment

A fundamental challenge in such a decoupled de-
sign is the dual misalignment, both in dimension-

ality and semantic density between the source en-
coder space R%n and the target latent space of the
LLM, R%model . While the encoder space captures
broad thematic features, the LLM’s internal resid-
ual stream operates on highly specialized causal
trajectories.

To bridge this structural gap, we propose a
Learnable Activation Mapping module based on
a deep Multi-layer Perceptron (MLP) architecture.
This module serves as a bridge that re-projects the
static semantic vector e; into a dynamic steering
candidate v;:

Ve = P(et), (3)

where P denotes the learnable projection from the
encoder space R%« to the steering space R%model
Equation (3) only illustrates this cross-model pro-
jection; the complete side-network architecture is
provided in Appendix B. Beyond mere dimension-
ality reduction or expansion, this projection acts
as an information filter that distills task-specific
persona features while suppressing irrelevant lin-
guistic noise. By enforcing this activation align-
ment, we ensure that the generated intervention
z¢ 1s not only compatible with the backbone’s nu-
merical range but also aligns with the underlying
geometric structure of the LLM’s internal repre-
sentations. This high-fidelity mapping is the key
to achieving precise, fine-grained control over the
model’s generative behavior.

3.3 Recursive State Internalization for
Multi-round Evolution

A pivotal innovation within the PersonaSteer
framework is the Recursive State Internalization
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(RSI) mechanism. Conventional activation steer-
ing methodologies are predominantly memoryless,
treating each dialogue turn as an isolated event.
Such an ephemeral approach often leads to the per-
sona evaporation problem, where the model’s
behavioral consistency progressively decays as the
conversation depth increases. To mitigate this, we
reformulate steering as a stateful sequential tran-
sition task.

3.3.1

In our framework, the side-network ¢ is architected
to maintain a latent hidden state h;, which func-
tions as a dynamic persona repository. This state
captures the cumulative trajectory of user prefer-
ences and linguistic nuances across multi-round
interactions. Formally, the transition is defined as:

ve = P(ug, hi—1),
hi—1 = SiLU (LayerNorm (Wpv;—1 + bp))

where h;_1 encodes the historical context of the
persona, and vy is the turn-specific intervention vec-
tor, and W}, and by, are the weight matrix and bias
of the linear down-projection layer, respectively.

Modeling Persona Trajectories

“4)

3.3.2 Temporal Decoupling and Gradient
Stability
To ensure the feasibility of training over long-range
sequences, we implement a Gradient-Detached
Recurrence strategy. During the forward pass,
the steering vector from the preceding turn v
is detached from the current computational graph
before being fed back into the side-network for the
subsequent turn:

vt = ¢(Ut, detach(ht_l)) (5)

This design choice serves a dual purpose. First,
it effectively facilitates multi-round persona in-
ternalization, allowing historical traits to inform
current steering without the computational burden
of Backpropagation Through Time (BPTT). Sec-
ond, it acts as a regularization bottleneck that
prevents the accumulation of catastrophic gradi-
ent noise across rounds, ensuring that the persona
remains anchored to the user’s core identity even
in highly diverse conversational contexts. Con-
sequently, this recursive internalization enables a
robust and stable evolution of the model’s adaptive
behavior.

3.4 End-to-End Steering Vector Injection

The transition from latent persona representation to
behavioral change is facilitated by our End-to-End

Residual Injection mechanism. PersonaSteer op-
erates directly within the LLM’s residual stream.

The final generated steering vector v; is inte-
grated into the frozen backbone model via a ded-
icated Residual Injector situated at a strategic
bottleneck layer [ (e.g., mid-to-late transformer
blocks). Let z(!) € R¥model denote the original
hidden activations of the backbone model at layer /.
The injection process re-defines the forward pass
computation as:

20 = 20 4y, (6)

This additive coupling is mathematically equivalent
to a directional nudge within the high-dimensional
latent space. By applying this intervention specif-
ically post-attention, we ensure that the steering
signal modulates the context-aware representations
before they are projected into the subsequent feed-
forward networks (FFN) and final layers.

4 Experiment

4.1 Experimental Setup

4.1.1 Benchmark and Evaluation Scenarios

To rigorously evaluate the efficacy of PersonaSteer
in capturing complex and evolving user dynam-
ics, we utilize the Align with Customized Prefer-
ences(ALOE) (Wu et al., 2025). This benchmark is
specifically designed to simulate real-world multi-
turn interactions. Following RLPA(Zhao et al.,
2025b), we test our model in two challenging sce-
narios:

Multi-turn Alignment (Vanilla ALOE): We
evaluate the model using unseen profiles within
the training domain. This scenario assesses the
framework’s ability to elicit stable alignment.

Out-of-distribution Generalization (Ex-
tended ALOE): We utilize profiles from
PersonaChat(Zhang et al., 2025). This evaluates
the framework’s capacity to internalize and evolve
behavioral states during interactions with novel
persona, without relying on any pre-defined
schemas.

4.1.2 Baselines

We compare our approach against three categories

of methods:

* Prompt-based Method: Including Instruct LLM
(zero-shot), RAG(Zhao et al., 2025a), Chain-of-
Thought (CoT)(Wei et al., 2022), MemO(Chhikara
et al., 2025), and MemoryOS(Li et al., 2025b) for
personalized reasoning.
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ALOE Extend ALOE Computational Complexity
Qwen2.5-7B Align.Score? N-IR1 Align.Scoret N-IR+  Training (107 FLOPs) |

Base Qwen2.5-7B-Instruct 2.02 0.0430 2.01 0.0509 -
RAG(Zhao et al., 2025a) 2.74 -0.0672 2.57 -0.2600 -
Acentic Workflow CoT(Wei et al., 2022) 3.00 0.0258 2.79 0.0600 -
g MemO(Chhikara et al., 2025) 2.02 0.0693 2.08 -0.0150 -
MemoryOS(Li et al., 2025b) 2.83 -0.0581 2.76 0.0350 -
Activation Steerin PAS(Zhu et al., 2024) 2.05 0.0662 2.00 0.0488 -
J CHAMELEON(Zhang et al., 2025) 2.07 0.0523 2.01 0.0488 -

AIPI(SFT)(Wu et al., 2025) 3.16 0.0764 2.92 0.0767 5.57

Post-training ATIPI(DPO)(Wu et al., 2025) 2.89 -0.0132 2.50 0.0030 16.6

RLPA(Zhao et al., 2025b) 3.08 0.0923 3.02 0.0876 275

PersonaSteer 3.18 0.1084 3.02 0.0922 3.69

ALOE Extend ALOE Computational Complexity
Qwen2.5-3B Align.Scoret N-IR{ Align.Scoret N-IR+  Training (10'7 FLOPs) |

Base Qwen2.5-3B-Instruct 1.97 0.0741 1.98 0.0451 -
RAG(Zhao et al., 2025a) 2.55 -0.0958 2.14 -0.0899 -
Acentic Workflow CoT(Wei et al., 2022) 2.59 0.0341 2.32 0.0054 -
£ MemO(Chhikara et al., 2025) 2.26 -0.0353 2.10 -0.0418 -
MemoryOS(Li et al., 2025b) 2.60 -0.0769 2.58 -0.1012 -
Activation Steerin PAS(Zhu et al., 2024) 2.01 0.0710 1.96 0.0639 -
J CHAMELEON(Zhang et al., 2025) 2.00 0.0283 2.01 0.0443 -

AIPI(SFT)(Wu et al., 2025) 2.78 0.1068 2.67 0.0767 248

Post-training AIPI(DPO)(Wu et al., 2025) 2.88 -0.0822 2.49 -0.0945 4.35

RLPA(Zhao et al., 2025b) 2.59 0.0915 2.55 0.0823 17.1

PersonaSteer 2.95 0.1147 2.74 0.1019 1.64

Table 1: Comparison of different methods on ALOE and Extend ALOE datasets. Training Computational Complexity
unit: 1017 FLOPs. 1 indicates higher is better, | indicates lower is better.

* Post-training Alignment: We evaluate AIP/
(SFT), AIPI (DPO) (Wu et al., 2025), and
RLPA(Zhao et al., 2025b), which represent the
current standard for parameter-space preference
optimization.

* Activation Steering: Including CHAMELEON
(Zhang et al., 2025) and PAS(Zhu et al., 2024)
for personalized steering.

Please refer to the Appendix A.4 for the detailed
configurations and implementation specifics of all
baseline methods.

4.1.3 Evaluation Metrics

Following the ALOE protocol, we adopt the Av-
erage Alignment Score (Align.Score) to measure
the fit between the response and the persona. To
ensure a scale-invariant comparison, we report the
Normalized Improvement Ratio (N-IR). N-IR
quantifies the model’s ability to progressively im-
prove its alignment over multiple turns. The de-
tailed calculation procedures for these metrics are
provided in Appendix A.2.

4.1.4 Implementation Details

We implement our framework using Qwen2.5-
3B-Instruct (L = 36 layers) and Qwen2.5-7B-

Instruct (L = 27 layers)(Qwen et al., 2025) as
backbones. For the semantic encoding of user in-
puts, we utilize the bge-base-en-v1.5(Xiao et al.,
2024) encoder.

Training Protocol. We train on a single A100-
80GB using AdamW (Ir = 1 x 1074, linear decay,
1 epoch, batch size 4), with a; = 0.2. For the
RLPA baseline, we utilize two A100 GPUs to ac-
commodate its higher memory requirements.

Injection Layer Selection. A critical hyperpa-
rameter in PersonaSteer is the injection layer /;,;.
We select [;,; = 21 for the 7B model and [;,,; = 27
for the 3B model based on our experimental valida-
tion. This positioning allows the injected persona
to leverage the backbone’s deep semantic represen-
tations while leaving sufficient remaining layers for
high-level stylistic synthesis.

4.2 Main Results

Table 1 presents the quantitative comparison of
PersonaSteer against diverse baselines across two
model scales. Our findings highlight two key ob-
servations regarding alignment and computational
economy.
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4.2.1 Superiority in Persona Alignment

Across both ALOE (In-distribution) and Extend
ALOE (OOD) benchmarks, PersonaSteer achieves
top-tier alignment scores comparable to resource-
intensive post-training methods, while offering the
most stable improvement trajectory (highest N-IR)
and lowest computational cost.

Comparison with Prompt-based Method
While RAG and CoT improve the base model’s
performance, they exhibit significant fluctuations
in N — IR, occasionally yielding negative values
(e.g., —0.0958 for RAG on Qwen2.5-3B). This
underscores that input-space modulations are
highly sensitive to historical noise and context
dilution. In contrast, PersonaSteer maintains a
robust N — I R (0.1147 on 3B), demonstrating that
intervening in the activation space provides a more
stable anchor for persona alignment.

Comparison with Optimization-based Methods
Compared to RLPA, which represents a strong dy-
namic alignment baseline, PersonaSteer matches or
surpasses its alignment quality (Align.Score: 3.18
vs. 3.08 on 7B) while maintaining superior N —I R
scores (0.1084 vs. 0.0923). This suggests that our
steering vectors can capture nuanced behavioral
traits with a precision comparable to, or even ex-
ceeding, explicit profile-based RL fine-tuning.

The goodness of fit for the normalized align-
ment trend is analyzed in Appendix G. We refer the
reader to Appendix H for the full sensitivity study
on injection layer and steering magnitude.

4.2.2 Computational Efficiency

A defining advantage of PersonaSteer lies in its
training efficiency, particularly when compared
to the intensive resource demands of reinforce-
ment learning-based alignment frameworks. As
evidenced in Table 1, PersonaSteer consumes only
3.69 x 107 FLOPs during the training phase on
the Qwen2.5-7B scale. In stark contrast, RLPA
(27.5 x 10'7 FLOPs) is nearly 7.5x more compu-
tationally expensive. This gap stems from the inher-
ent complexity of the PPO pipeline, which requires
multiple forward-backward passes, extensive re-
sponse sampling, and dual-level reward structures
with external LLM judges (e.g., GPT-40-mini).
Our method trains only a decoupled side-
network with a standard contrastive objective,
avoiding multi-stage optimization required by
RLPA. This efficiency generalizes across model
scales: on the 3B backbone, PersonaSteer fur-

ALOE Extended ALOE
Qwen2.5-7B  Qwen2.5-3B  Qwen2.5-7B  Qwen2.5-3B
Score N-IR Score N-IR Score N-IR Score N-IR

Configuration

Full (Ours) 3.18 0.1084 2.95 0.1147 3.02 0.0922 2.74 0.1019
w/o CL 2.83 0.1068 2.77 0.1092 2.64 0.0364 2.67 0.0899
w/o FL 272 0.0944 2.60 0.1084 2.58 0.0844 2.48 0.0483
Base Model 2.02 0.0430 1.97 0.0741 2.01 0.0509 1.98 0.0451

* Score denotes Align.Score.

Table 2: Ablation Study Results. CL denotes Con-
trastive Learning, and FL denotes Feedback Loop.

ther lowers training cost to 1.64 x 10'7 FLOPs
while still achieving a superior Align. Score of
2.95. These results suggest that PersonaSteer de-
livers high-fidelity alignment, and enables personal-
ized fine-tuning on single-GPU setups (e.g., A100-
80GB), whereas RLPA often relies on multi-GPU
training to sustain its optimization pipeline.

4.3 Ablation Study

To rigorously evaluate the contribution of each com-
ponent within the PersonaSteer framework, we con-
duct an ablation study on ALOE and Extended
ALOE using Qwen2.5-7B and Qwen2.5-3B back-
bones. We compare the full model against two
variants: (1) w/o Contrastive Learning, where
the model is trained solely with standard Cross-
Entropy (CE); and (2) w/o Feedback Loop, where
the recursive injection of the previous turn’s resid-
ual vector is disabled, reverting the system to a
static steering mechanism. The results are summa-
rized in Table 2.

4.3.1 Impact of Feedback Loop Mechanism

The feedback loop is fundamental to our dynamic
steering paradigm. As shown in Table 2, removing
the feedback loop causes substantial degradation.
For the 7B model on the ALOE dataset, the Aver-
age Alignment Level (AL) drops from 3.18 to 2.72.
More critically, on the Extended ALOE dataset, the
Normalized Improvement Rate (N-IR) for the 3B
model drops significantly to 0.0483 (compared to
0.1019 for the full model). This indicates that with-
out the recursive state tracking, the model fails to
accumulate persona-related context over multi-turn
interactions, effectively losing the ability to main-
tain consistency as the dialogue progresses. The
feedback loop is thus essential for transforming
static activation steering into a dynamic, context-
aware process.

4.3.2 Significance of Contrastive Learning

The ablation of contrastive learning (w/o Con-
trastive Learning) reveals its critical role in sta-

26862



(a) Base (b) CHAMELEON (c) PAS (d) RAG

5;=1.85 51=1.88 S =173 S;=277

510=2.06 S10=2.07 S10=2.09 S10=273
[k a=+021 || @30 a=+019 | {30 a=+036 || &30 A=-004
@ ® o @ G s S TR——— —— 1
4 2 4 4
325 325 325 325
" 12} (2] 2]
- - - -
<20 <20 <20 <20

12 3 4 5 6 7 8 9 10 1.2 3 4 5 6 7 8 9 10 1.2 3 4 5 6 7 8 9 10 12 3 4 5 6 7 8 9 10
Conversation Turn (k) Conversation Turn (k) Conversation Turn (k) Conversation Turn (k)
(e) CoT (f) AIPI(SFT) (g) AIPI(DPO) (h) PersonaSteer

330 /’—\ G0 /_\ G0 330
o o o o
4 e 4 <4
325 325 925 325
n 5, =288 ”n 5,=3.07 »n 5, =2.99 ] 5, =3.04
= S1p=293 | = S10=320 | = S10=283 | = S10=3.28
<20 <20 <20 <20

A =+0.05 A=+0.13 A=-0.16 A=+0.24

2 3 4 5 6 7 8 9 10 1
Conversation Turn (k)

2 3 4 5 6 7 8 9 10
Conversation Turn (k)

12 3 4 5 6 7 8 9 10 1
Conversation Turn (k)

2 3 4 5 6 7 8 9 10 1
Conversation Turn (k)

Figure 3: Turn-wise alignment analysis of various methods on Qwen2.5-7B (ALOE). The dashed horizontal line
represents the average alignment score (Mean) for each method. The solid curve and shaded area denote the
quadratic regression trend and the 95% confidence interval, respectively.

bilizing the steering trajectory. Without contrastive
learning, AL score drops to 2.83 (7B, ALOE) and
2.64 (7B, Extended ALOE). The model struggles to
distinguish high-quality persona expressions with-
out structural constraints, drifting from the target
profile. These results confirm that contrastive learn-
ing effectively structures the latent steering space,
ensuring that the generated vectors consistently
push the model towards more aligned behaviors.

In summary, the full PersonaSteer framework
achieves the best performance by synergizing these
components: the feedback loop ensures temporal
consistency, while contrastive learning guarantees
directional accuracy in the latent space. Addi-
tional ablations on encoder variants, history for-
mulation, and recurrence strategy are provided in
Appendix E.

4.4 Visualization of Multi-Turn Alignment
Evolution

To intuitively illustrate how persona alignment
evolves during interactions, we visualize the turn-
wise alignment scores for Qwen2.5-7B on the
ALOE benchmark in Figure 3. Due to space con-
straints, visualization results for other model scales
(3B) and scenarios (Extended ALOE) are provided
in Appendix (Figure 4, Figure 5, and Figure 6).
As illustrated in Figure 3, distinct behavioral tra-
jectories emerge across different paradigms. The
RAG-enhanced baseline (d) achieves high initial
alignment but suffers rapid decay as conversation
progresses. This downward trend empirically con-
firms the “context dilution” effect, where retrieved
demonstrations in the input space are increasingly
overwhelmed by the growing history of conversa-
tional tokens. In contrast, while optimization-based

methods like AIPI (f) exhibit a progressive upward
trajectory, their lower starting scores and initial
fluctuations reflect the inherent latency and insta-
bility.

The PersonaSteer (h) framework effectively ad-
dresses these challenges, maintaining a superior
alignment level (Mean = 3.18) with lower fluctu-
ation. Unlike prompt-based methods relying on
static demonstrations, PersonaSteer leverages re-
cursive feedback to dynamically inject steering
residuals from previous turns into the latent space.
This continuous calibration alleviates semantic
drift, yielding a stable curve consistently above all
baselines. The results demonstrate that activation-
space intervention with temporal state-tracking pro-
vides more robust control than input-space modu-
lation or standard preference optimization.

5 Conclusion

We present PersonaSteer, a lightweight and decou-
pled activation steering framework designed for
fine-grained, evolving personalized alignment in
Large Language Models. By decoupling persona
control from base model parameters, our approach
enables real-time behavioral adaptation through
lightweight side-network intervention. The steer-
ing vector feedback mechanism ensures consistent
persona alignment across multi-turn interactions.
Empirical results demonstrate that PersonaSteer
achieves top-tier alignment scores comparable to
resource-intensive training paradigms at a fraction
of the computational cost, while substantially out-
performing prompting-based methods and prior
activation-steering baselines.

This work establishes activation steering as a
viable foundation for practical personalization sys-
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tems, offering a scalable path toward truly adaptive
Al companions.

Limitations

Although PersonaSteer demonstrates strong perfor-
mance in dynamic personalized alignment, several
limitations remain. First, while the recursive feed-
back mechanism improves multi-turn consistency,
it does not constitute a fully persistent long-term
memory system, and persona drift may still accu-
mulate in substantially longer interactions. Second,
our evaluation primarily relies on LLM-as-a-judge
protocols following the ALOE benchmark, which
may introduce potential evaluation bias. To re-
duce this effect, we adopt standardized multi-turn
evaluation prompts and additionally incorporate
human evaluation to verify the consistency of the
observed alignment trends. Details are provided
in Appendix C. Future work will further explore
persistent memory integration and more compre-
hensive human-centered evaluation protocols.
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A Experimental Details: Prompts and
Configurations

A.1 Evaluation Protocol Overview

We report results on two evaluation settings aligned
with the ALOE benchmark: (i) Vanilla ALOE
(ID), where evaluation instances are formed by
crossing a profile pool with a personality-trait pool;
and (i1) Extended ALOE (OOD), where each in-
stance provides only a profile (e.g., PersonaChat-
style personas), without an explicit personality la-
bel.

Interactive setup. For each evaluation instance,
we run 10 rounds of conversation. The user side is
simulated by a strong LLM (GPT-40) instructed to
role-play a real netizen with progressive informa-
tion disclosure (i.e., revealing profile details grad-
ually as the dialogue unfolds). The tested method
(target model) responds each round conditioned
on the conversation history and the current user
message.

On-the-fly judging. After each target response,
a separate GPT-40 judge scores the response on a
1-5 scale. We then aggregate turn-level scores into
the metrics shown in Table 1.

Important note (reproducibility). We inten-
tionally omit
deployment-specific information such as API end-
points, ports, and keys. The appendix documents
prompt templates and algorithmic configurations
only.

A.2 Metrics

Let AL(t) denote the average judge score at round
t (averaged over all sessions for a method). We
compute:

* AL(K)AVG (as reported in Table 1): the aver-
age score across all rounds (=10 in our experi-
ments), i.e., = S, AL(t).

* N-IR (as reported in Table 1): the normalized
improvement rate, i.e., the slope of a linear re-
gression fitted on the turn-wise mean scores after
min—-max normalization of the K-point curve.
Let AL(t) be the mean judge score at round ¢,
averaged over all sessions of a method, and

AL(t) — ming AL(k)
maxy AL(k) — ming AL(k)

AL(t) = (7)
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Figure 4: Turn-wise alignment analysis of various methods on Qwen2.5-7B (Extend ALOE). The dashed horizontal
line represents the average alignment score (Mean) for each method. The solid curve and shaded area denote the
quadratic regression trend and the 95% confidence interval, respectively.

r

Then conversation. Only as the conversation deepens
. K __ 2 can you gradually reveal parts of your profile.
(b*,a*) = argmin Z (b t+a— AL(t)> ) Personal Profile: {profile}
be =1 Personality Traits: {personality }
N-IR = b™. Core Interaction Rules: 1. Progressive Informa-
(®) tion Disclosure Mechanism - In the first mes-
* N-R? (as reported in Table 5): the goodness of sage, only provide basic responses and avoid
fit for the normalized alignment trend: proactively revealing personal details. - As

K (77 2 the conversation progresses, gradually share

_ 2= (AL(t) — (bt a)) elements from ymfr prgoﬁle basﬁd on togic rele-
K (Zf/(t) _ ;ﬁ/) 2 vance. - Not every reply needs to introduce new

) ipformation; s'hort acknowledgments l.ike “oh

where b and « are the regression coefficients from SEITE O SO D B, < OB Ol
= sponse should reveal more than 15% of the total

content in your profile. 2. Gradual Social Atti-
A3 Prompts tude Principle - At the start, remain distant and
neutral, using brief and indifferent expressions.
- If the other person touches on negative or sen-
sitive topics, clearly express dislike. - As the
conversation warms up, you may show some
friendliness, but must still sound authentic. 3.
Realistic Social Simulation Guidelines - Avoid

N-R%Z=1

N-IR, and AL is the mean of normalized scores.

For each method, we provide a single prompt box
containing the exact textual instructions used in
our implementation (with placeholders rendered as
{...}). We avoid adding extra labels inside boxes so
that the document typography remains unchanged.

A.3.1 User simulator (role-play) prompt Al-related phrases; use colloquial and internet
The user simulator is instructed to behave like a slang. - Point out repeated content directly:
real social-media user who has just added a new “You already said that”. - End uninteresting
friend, and to reveal profile/personality information topics bluntly: “Don’t want to talk about this,
progressively. change the topic”. - If the other person repeats
; . their questions or flatters excessively, say you
Task: Simulate a social media role-play with a dislike it. 4. Interaction Behavior Standards -
new friend. Keep each reply to no more than 3 sentences;
Chat History: {history} avoid long paragraphs. - Never initiate a new
You are playing the role of a real netizen who topic yourself; only extend from what the other
has just added someone as a friend. You’ve had person says. - Do not include actions, expres-
the conversation above. Below is your personal sions, or non-text content.
profile, but you must NOT directly reveal any )
personal information at the beginning of the

26867



Phased Conversation Examples: Early Stage
Other: “What do you usually like doing?” Your
reply: “Not much, nothing special”

Mid-Stage (when the topic relates to your inter-
ests) Other: “I’'m running out of songs to listen
to lately, any recommendations?” Your reply:
“I only listen to 90s classics, can’t get into new
songs these days”

Later Stage (after basic trust is built) Other:
“Oh so you like old songs!” Your reply: “Yeah,
got a bunch of rare vinyl records, pull them out
once in a while”

Other Person’s Message: {user_message}
Output: Directly output your reply. Never in-
clude bracketed explanations or let the other
person realize you’re role-playing.

\

A.3.2 Judge (Vanilla ALOE) evaluation
prompt

In Vanilla ALOE, the judge observes profile + per-
sonality + history + last user message + model

response.

~

Role: You are a senior social media researcher
and sociolinguist specializing in informal dig-
ital interactions. Your task is to evaluate the
quality of a response in a social media context
(e.g., Weibo/X) based on a user’s profile, per-
sonality, and conversation history.
Evaluation Background: The user is interacting
with a new acquaintance (played by a Chat-
bot) on a social media platform. Digital social
interactions should be colloquial, concise, emo-
tionally resonant, and non-mechanical.
Input Data - Profile: {profile} - Personalities:
{personality } - Chat History: {history} - User’s
Last Message: {user} - Model’s Response: {re-
sponse }
Evaluation Criteria 1. Personality Alignment:
Does the tone match the user’s specific traits?
(e.g., being direct with straightforward users,
or empathetic with sensitive users). 2. Social
Naturalness: Does this sound like a real human
netizen? Is it concise? Critical Rule: If the
response sounds like an Al assistant, a formal
customer service agent, or an encyclopedia, the
score MUST NOT exceed 2. 3. Logical Con-
sistency: Does the response accurately address
the user’s last message while remaining con-
sistent with the previous context? 4. Interest
Relevance: Does the response connect to the

\

interests or background mentioned in the user’s
profile? 5. Engagement Factor: Does the re-
ply provide emotional value or invite further
conversation? Or is it a conversation killer?
Scoring Scale 5 (Excellent): Perfect alignment.
Feels like a like-minded human friend. Nat-
ural, witty, and highly engaging. 4 (Good):
Very good. Logically sound and natural, with
only minor room for improvement in tone or
depth. 3 (Fair): Acceptable but mediocre. The
response is correct but a bit stiff or generic.
Low social attraction. 2 (Poor): Robotic expe-
rience. The response is too long, overly formal,
or Al-flavored, which feels out of place in a
casual social setting. 1 (Unacceptable): Com-
plete mismatch. Irrelevant, logically broken,
or offensive. Would cause the user to stop the
interaction immediately.

Task Requirements 1. Provide a brief Analysis
of the response based on the criteria. 2. Provide
the final score in the following format: Final
Decision: \boxed{<Score>} (where <Score> is
a number from 1 to 5).

Please finish the task.

=~

A.3.3 Judge (Extended ALOE) evaluation

prompt

In Extended ALOE, the judge observes profile +
history + last user message + model response (no
explicit personality label).

,

Role: You are a senior social media researcher
and sociolinguist specializing in informal dig-
ital interactions. Your task is to evaluate the
quality of a response in a social media context
(e.g., Weibo/X) based on a user’s profile and
conversation history.

Evaluation Background: The user is interacting
with a new acquaintance (played by a Chat-
bot) on a social media platform. Digital social
interactions should be colloquial, concise, emo-
tionally resonant, and non-mechanical.

Input Data - Profile: {profile} - Chat His-
tory: {history} - User’s Last Message: {user} -
Model’s Response: {response}

Evaluation Criteria (1-5 Scale) 1. Profile Align-
ment: Does the response connect to the inter-
ests, background, or characteristics mentioned
in the user’s profile? 2. Social Naturalness:
Does this sound like a real human netizen? Is it
concise? Critical Rule: If the response sounds
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like an Al assistant, a formal customer service
agent, or an encyclopedia, the score MUST
NOT exceed 2. 3. Logical Consistency: Does
the response accurately address the user’s last
message while remaining consistent with the
previous context? 4. Engagement Factor: Does
the reply provide emotional value or invite fur-
ther conversation? Or is it a conversation killer?
Scoring Scale 5 (Excellent): Perfect alignment.
Feels like a like-minded human friend. Nat-
ural, witty, and highly engaging. 4 (Good):
Very good. Logically sound and natural, with
only minor room for improvement in tone or
depth. 3 (Fair): Acceptable but mediocre. The
response is correct but a bit stiff or generic.
Low social attraction. 2 (Poor): Robotic expe-
rience. The response is too long, overly formal,
or Al-flavored, which feels out of place in a
casual social setting. 1 (Unacceptable): Com-
plete mismatch. Irrelevant, logically broken,
or offensive. Would cause the user to stop the
interaction immediately.

Task Requirements 1. Provide a brief Analy-
sis of the response’s strengths and weaknesses
based on the criteria. 2. Provide the final
score in the following format: Final Decision:
\boxed{Score} (where Score is a number from
1to)5).

Please finish the task.

Now, please answer the following question
while considering my preferences (not the user
preferences in the examples above), which I
have stated either explicitly or implicitly in our
previous conversation:
Current user message.

A.4.3 RAG (retrieval-augmented prompting)

Description. We retrieve the most relevant prior
user—assistant exchanges from the conversation his-
tory and inject them into a fixed template, then
answer the current user message.

7

Before answering my question, please consider
the following context from our previous conver-
sations. These are the most relevant exchanges
that we had previously, which may contain in-
formation about my preferences or prior discus-
sions related to my query:

#Start of Context# {retrieved_context} #End of
Context#

Please use this context to inform your answer
and adhere to any preferences I’ve expressed
that are relevant to the current query. Note that
not all contexts are useful for answering my
question and there may be no context that is
useful.

Now, please address my question:

Current user message.

\.

A.4 Baselines in Table 1
A.4.1 Base

Description. Direct generation using the target
model given the dialogue history and the current
user message. No additional prompting beyond the
default chat formatting.

A4.2 CoT (Few-shot in-context prompting)

Description. We prepend a fixed few-shot system
prompt containing 5 ALOE-style examples demon-
strating preference-aware responding, then append
the current user message.

e N

When answering a user’s question, a good assis-
tant should carefully consider the user’s stated
preferences and tailor the response accordingly.
Five ALOE few-shot examples (each includes
a user profile, user personality, and a good as-
sistant response) are prepended here.

A.4.4 AIPI(SFT)/ AIPI(DPO)

Description. Training-based baselines where the
backbone LLM is adapted via supervised fine-
tuning (SFT) or direct preference optimization
(DPO). At inference time, the prompting format is
identical to Base (no additional handcrafted prompt
beyond the chat formatting).
We report the key training hyperparameters used
for the two training-based baselines.
AIPI(SFT):
* per-device batch size: 1
* gradient accumulation steps: 48
* learning rate: 1 x 1075
epochs: 1
* maximum sequence length: 8192
* packing: enabled
AIPI(DPO):
« 3:09
* per-device batch size: 4
* gradient accumulation steps: 12
* learning rate: 1 x 107
* epochs: 1
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Figure 5: Turn-wise alignment analysis of various methods on Qwen2.5-3B (ALOE).
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Figure 6: Turn-wise alignment analysis of various methods on Qwen2.5-3B (Extend ALOE).
A45 RLPA » KL penalty coefficient: 0.01

Description. A training-based baseline from the
Reinforcement Learning for Personalized Align-
ment (RLPA) framework. Instead of relying on
static prompts or offline optimization, RLPA trains
the backbone LLM through multi-turn interactions
with a simulated user model, enabling it to iter-
atively infer and refine user profiles through dia-
logue. Training follows the PPO algorithm with a
dual-level reward structure: a Profile Reward that
encourages accurate construction of user represen-
tations, and a Response Reward that incentivizes
generating responses consistent with the inferred
profile. A frozen reference model provides a KL-
divergence penalty to regularize policy updates. We
adopt the publicly released training pipeline built
on OpenRLHF with Ray-based distributed rollouts.
At inference time, the fine-tuned model generates
directly from the conversation history without ad-
ditional prompt engineering.
Key training hyperparameters:
» actor learning rate: 1 x 1075; critic learning rate:
9x 1076
* PPO clip range (¢): 0.2; value clip: 0.2
* GAE X: 0.95;~v: 1.0

» warmup ratio: 0.03; gradient clipping: 1.0

A4.6 CHAMELEON

Description. An inference-time personalization
method that combines self-generated preference
data with representation editing, requiring no pa-
rameter updates. At each conversational turn the
pipeline operates in three stages: (i) the model sum-
marizes the user’s persona and preferred commu-
nication style from the dialogue history into a one-
sentence insight; (ii) conditioned on this insight, it
self-generates contrastive response pairs—positive
samples matching the inferred persona and nega-
tive samples that are generic and robotic; (iii) MLP
activations from both sets are extracted across all in-
termediate layers, SVD is applied to obtain leading
principal components v and v, and the top-N
layers with the highest inter-layer cosine consis-
tency among v vectors are selected for interven-
tion. During generation, a dual-projection steering
hook on each selected layer first rejects the neg-
ative component and then amplifies the positive
component in the hidden states.
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Insight extraction prompt

System: You are a social psychologist. Ana-
lyze the user’s speaking style, personality, and
preferences based on the conversation history.
User: Conversation History: {history}
Summarize the user’s persona and preferred
communication style in one short sentence (In-
sight).

Positive sample generation prompt

System: You are a real person engaging in a
casual social media conversation. Rules: Speak
naturally, like a netizen. NEVER mention you
are an Al. Keep responses brief and informal.
User: User’s Last Message: {user_message }
Insight about User: {insight}

Generate 5 distinct, short responses that per-
fectly match the Insight and style.

Negative sample generation prompt

System: You are a boring, generic Al assistant.
User: User’s Last Message: {user_message}
Generate 5 distinct, generic, robotic, and overly
formal responses that ignore any specific per-
sona or style.

. J

Key hyperparameters:

* contrastive samples: 5 positive + 5 negative per
turn

* layers selected for intervention (/V): 5

* steering strength (a): 1.5

* generation: temperature 0.7; top-p 0.9

A4.7 PAS

Description. An activation-steering baseline in-
spired by psychometric personality theory. PAS
leverages the Personality Alignment with Person-
ality Inventories (PAPI) dataset—collected from
over 320k real-subject assessments—to build acti-
vation bases along the Big-Five personality dimen-
sions (Openness, Conscientiousness, Extraversion,
Agreeableness, Neuroticism). In the offline phase,
questionnaire items are formatted and forward-
passed through the model to record head-wise ac-
tivations as a shared basis. For each evaluation
profile, GPT-40 maps the textual description to Big-
Five scores (1-5); the pre-computed activations are
then labeled per dimension and a steering direction
is extracted over the top-K attention heads. An op-
timal steering strength « is selected via grid search
on a held-out questionnaire split. At inference, the
personality-aligned activations are injected during
generation without modifying the input prompt.

Profile — Big-Five mapping prompt (GPT-40)
Profile: {profile}

Analyze the Big-Five scores (1-5). Return ONLY JSON:
{“O”:x, “C”:x, “E”:x, “A”iX, “N”:x}

Key hyperparameters:

e attention heads intervened (K): 24

* steering strength search space (a): {1, 2, 4, 8};
default: 2.0

* Big-Five dimensions: O, C, E, A, N

B Complete Side-Network Architecture
B.1 Lightweight Side-Network Architecture

The side-network ¢ maps the current user utterance
u; and the recursive persona state h;_1 to a steering
vector v; € R%medel As shown in Figure 2, ¢
consists of a frozen Sentence Encoder £(-), a one-
layer text projection, a gated history fusion module,
two MLP Residual Blocks, and a two-layer output
head with a final readout projection.

Semantic Feature Extraction. Following Sec-
tion 3.2.1, we encode the current turn as

ey = E(ug) € Rene, (10)

where ¢; is obtained from the hidden state of the
last non-padding token of £.

Text Projection. The semantic vector is mapped
into the side-network state space via a single pro-
jection layer:

x; = LN(Wye; + by) € R%. (11)

Recursive History Encoding. Consistent with
Eq. (4), the persona history fed into turn ¢ is en-
coded as

hi—1 = SILU(LN(Wyv—1 + byp,)) € R%, (12)

where v;_; € R%medel is the steering vector pro-
duced at the previous turn. At the first turn, we set
vg = 0 and thus hg = 0. During training, we apply
gradient detaching as in Section 3.3 and compute

vy = o(uy, detach(hy—1)). (13)

Gated History Fusion. The current semantic
state x; and the historical persona state h;_1 are
combined in the same state space R% via a gated
fusion mechanism:

gt = o(Wy [x¢; he1] +by) € (0,1)%,  (14)
hi=gOoxi+(1—g)Oh_1 eR% (15)

where [-; | denotes concatenation used only for gate
computation, ® is element-wise multiplication, and
o(+) is the sigmoid function.
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MLP Block. We define a generic two-layer MLP
block as

Jmip(z; Wi, Wa, by, ba)

— Dropout (SiLU(WQSiLU( (16)

WlLN(Z) + bl) + bg)) .

with W, € Rénxds W, € R%*dn and bias terms
by, bo.

MLP Residual Block. Each residual block up-
dates a state vector z € R% via a skip connection:

2 z+ furp(z W, W B Y, (17)

where ¢ € {1, 2} indexes the two blocks.

Output Head. The fused state iLt is first pro-
cessed by two residual blocks:

0t = futp(he; WS, WP, bV, bY) € R%,
(18)
where WD € R xds and Wi € R%E*dn, The
final steering vector is produced by a bias-free read-
out layer:

vy = Wy, € R¥modet (19)

where W, € RémodetXds

Relation to Eq. (3). Equation (3) in the main text
summarizes the semantic-to-steering mapping at a
high level. The full side-network additionally (i)
projects e; into the state space R, (ii) recursively
encodes v;_1 into h;_1 via Eq. (12), (iii) fuses cur-
rent and historical states via Eq. (15), and (iv) maps
the resulting representation to v; € R¥model via
Eq. (19). The vector v is then injected into the
backbone residual stream as () = z() + V.

Default Widths (Implementation). For different
backbone LLMs, we keep d,,0qer €qual to the hid-
den size of the frozen LLM and set ds = dn0de1/4
and dj, = dynode1/2 by default. The encoder dimen-
sion den. depends on the chosen £ and is mapped
to ds by the text projection.

C Human Evaluation Reliability

To validate GPT-40 as an automated evaluator, we
recruited 10 student volunteers as human annota-
tors to rate the same 20 dialogues using the iden-
tical rating scale. To ensure full coverage of the
score range, we selected four dialogues from each

GPT-4o0 score level (1-5). We then measured inter-
rater reliability between GPT-40 and mean human
ratings. GPT-40 showed strong agreement with hu-
man judgments, achieving an intraclass correlation
coefficient (ICC) of 0.855 and a high Spearman’s
rank correlation (p = 0.928). Given this strong
alignment, we adopt GPT-40 to score the full set
of responses. All ratings were collected through an
anonymous questionnaire, and only the final scores
were used for analysis, no personal information
was collected or disclosed.

D Variance Analysis

We evaluate PersonaSteer under 3 runs, observ-
ing low variance (std=0.01). These consistent re-
sults indicate that even marginal improvements re-
flect reliable performance gains, achieved through
a lightweight side-network that balances efficiency
and competitive performance.

E Additional Ablations

We conduct additional ablation study comparing
our architecture against alternative design choices
for the encoder, history formulation, and recurrence
strategy.

Encoder Variants. We evaluate two widely-used
pre-trained encoders as replacements for our de-
fault bi-encoder: RoBERTa-base (Liu et al., 2019)
and SBERT (all-mpnet-base-v2) (Song et al., 2020;
Reimers and Gurevych, 2019). Table 4 shows
that PersonaSteer remains robust across encoder
choices, with SBERT achieving marginally higher
N-IR (0.123 vs. 0.115), suggesting that the side-
network effectively adapts to diverse semantic rep-
resentations.

History Formulation. We compare our recursive
latent state against a Summarization Baseline that
concatenates a text summary of past turns (gener-
ated by the backbone LLM) as explicit condition-
ing. This variant achieves 2.90 Align.Score and
0.097 N-IR, underperforming our recursive feed-
back by 0.05 and 0.018 respectively.

Recurrence Strategy. We evaluate Full BPTT
(Backpropagation Through Time) by removing gra-
dient detaching and allowing gradients to flow
through the entire dialogue chain. This yields 2.88
Align.Score and 0.101 N-IR. The degradation val-
idates our design choice: detaching the state sta-
bilizes gradient propagation across dialogue turns.
Additionally, as shown in Table 3, the Detached
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State provides material efficiency gains over Full
BPTT even at 10 turns. By avoiding multi-step
gradient backpropagation, we reduce training time
by approximately 40% (69 min vs. 117 min), fur-
ther justifying our choice of detached recurrence
for better training stability and efficiency..

Method Training Time (min) |
Full BPTT 117
Detached (Ours) 69

Table 3: Training time comparison on Qwen2.5-3B (10-
turn dialogues).

Category Variant AL.1T N-IR1T
Encoder RoBERTa-base 2.94 0.118
SBERT 295 0.123
History Summarization 2.90  0.097
Recurrence Full BPTT 2.88 0.101
— Ours 295 0.115

Table 4: Additional ablations on Qwen2.5-3B.

These results collectively confirm that: (i) Per-
sonaSteer is robust to encoder choice; (ii) recursive
latent feedback outperforms explicit text summa-
rization; and (iii) gradient detaching is critical for
stable multi-turn optimization.

F Comparison to the reasoning model

Comparison with Large Reasoning Models
(LRMs) The emergence of Large Reasoning
Models (LRMs) has established a high bar for
multi-turn consistency. To investigate whether such
advanced explicit reasoning capabilities are neces-
sary for robust personalization, we compare Per-
sonaSteer against leading reasoning models, includ-
ing Qwen3-235B-A22B (Thinking)(Yang et al.,
2025), DeepSeek-R1(Guo et al., 2025), and 03-
mini(OpenAl, 2025). As shown in Figure 7, these
models achieve reasonable alignment scores (2.46—
3.26) through extensive test-time computation, con-
suming 714, 514, and 310 tokens per turn, respec-
tively. Such overhead stems from their reliance
on externalized reasoning processes—generating
explicit chains of thought to guide personalization
at inference time.

In contrast, PersonaSteer operates through inter-
nalized persona control. By encoding behavioral
traits directly into activation space via lightweight
steering vectors, the 7B variant consumes merely
24.88 tokens per turn, and the 3B variant 31.25 to-
kens, while attaining competitive alignment scores
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Figure 7: Comparison to the reasoning model.

(3.18 and 2.95). Notably, the 7B model outper-
forms both DeepSeek-R1 and o3-mini while ap-
proaching the performance of Qwen3-235B. The
3B model also remains highly competitive against
these much larger baselines, despite the latter’s sig-
nificantly higher inference cost.

These results demonstrate that internalizing per-
sona knowledge into the model’s latent represen-
tations eliminates the need for costly externalized
reasoning. PersonaSteer achieves favorable align-
ment through compact, inference-time steering
rather than verbose test-time computation, offer-
ing a parameter-efficient solution for personalized
dialogue generation.

G Analysis of Normalized Alignment
Trend

Method N-R? (3B) N-R? (7B)
Base 0.55 0.22
RAG 0.76 0.33
CoT 0.13 0.06
Mem0O 0.13 0.58
MemoryOS 0.72 0.21
PAS 0.57 0.46
CHAMELEON 0.09 0.29
AIPI (SFT) 0.82 0.52
AIPI (DPO) 0.67 0.02
RLPA 0.73 0.83
PersonaSteer 0.84 0.84

Table 5: N-R2? comparison across methods.

Table 5 presents the N-R? scores across all meth-
ods on ALOE. N-R? quantifies the goodness of
fit for the normalized alignment trend, reflecting
the stability and reliability of persona improvement
over multi-turn interactions.

Key Observations. PersonaSteer achieves con-
sistent trend stability. With N-R? scores of 0.84
(3B) and 0.84 (7B), PersonaSteer maintains the
highest trend reliability across both model scales.
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This matches or exceeds RLPA (0.73 for 3B, 0.83
for 7B).

Training-free methods exhibit volatile trends.
RAG shows moderate N-R? (0.76 for 3B, 0.33 for
7B), while CoT demonstrates poor trend consis-
tency (0.13 for 3B, 0.06 for 7B), confirming that
prompt-based modulation struggles to maintain re-
liable alignment trajectories. Mem0O yields low
scores (0.13 for 3B, 0.58 for 7B), and MemoryOS
achieves 0.72 for 3B but only 0.21 for 7B, indicat-
ing that memory-augmented method fails to estab-
lish stable improvement patterns across scales.

Post-training methods show mixed robustness.
AIPI (SFT) achieves strong N-R? on 3B (0.82) but
degrades on 7B (0.52). AIPI (DPO) exhibits par-
ticularly low scores (0.67 for 3B, 0.02 for 7B),
suggesting that preference optimization without
explicit trend regularization produces unstable tra-
jectories. RLPA maintains high N-R? (0.73 for 3B,
0.83 for 7B), reflecting the stability conferred by
multi-stage profile-response co-optimization.

Activation steering baselines lack consistency.
PAS achieves moderate N-R? (0.57 for 3B, 0.46
for 7B), while CHAMELEON exhibits low scores
(0.09 for 3B, 0.29 for 7B), indicating that static
steering without recursive state tracking fails to
establish reliable improvement patterns.

H Sensitivity Study on Injection Layer
and Steering Magnitude

H.1 Injection Layer Selection

We conduct a systematic sensitivity study to de-
termine the optimal injection layer [;,; for both
the 7B and 3B backbone models. Table 6 reports
the persona alignment score (Align.Score) across
different transformer layers.

Qwen2.5-7B (L = 28) Qwen2.5-3B(L = 36)

Layer  Align.Score | Layer  Align.Score
3 2.1797 4 2.629
7 2.785 9 2.702
10 2.746 13 2.806
14 2.832 18 2.780
17 2.784 22 2.803
21 3.180 27 2.950
24 2.387 31 2.359

Table 6: Sensitivity of persona alignment to injection
layer depth.

Based on these results, we select [;,,; = 21 for
the 7B model and [;,,; = 28 for the 3B model, as

these layers yield the highest Align.Score.

H.2 Steering Magnitude

We further investigate the effect of steering magni-
tude (scale) on persona alignment. Table 7 reports
Align.Score across different scale values for both
models.

Scale 00 05 10 15 20 25

Align.Score 3B) 1.97 246 295 287 2.82 2.63
Align.Score (7B) 2.02 223 3.18 271 251 222

Table 7: Sensitivity of persona alignment to steering
magnitude.

The optimal scale is 1.0 for both models. Scales
below 1.0 under-steer the persona signal, resulting
in weak personalization; scales above 1.0 introduce
excessive distribution shift that degrades generation
quality. The 7B model exhibits higher sensitivity
to magnitude deviation.

I License and Terms for Used Scientific
Artifacts

Package Version
PyTorch 2.6.0
transformers 4573
datasets 4.5.0
sentence-transformers ~ 5.1.1
huggingface-hub 0.36.0
openai 2.8.0
numpy 2.4.1
tqdm 4.67.1
accelerate 1.10.1

Table 8: Key software packages and versions used in
PersonaSteer.

This work uses existing scientific artifacts rather
than creating new ones. All artifacts were em-
ployed strictly in accordance with their original
licenses and terms of use.

Language Models. We use Qwen2.5-7B-Instruct
and Qwen2.5-3B-Instruct as frozen backbone mod-
els. Qwen2.5-7B-Instruct is released under the
Apache 2.0 license, which permits research and
non-research use, modification, and redistribution
with proper attribution. Qwen2.5-3B-Instruct is
governed by the Qwen Research License Agree-
ment, which restricts usage to non-commercial re-
search purposes; we comply with this restriction by
using the model solely for academic experimenta-
tion and evaluation. Both models were downloaded
from their official Hugging Face repositories and
used without modification to their weights.
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Qwen2.5-3B Qwen2.5-7B
Method Align.Scoret N-IR? N-R2t Align.Scoret N-IR? N-R2t
AIPI (SFT) 278 £0.006  0.1068 £ 0.006  0.82+0.033 | 3.16 £ 0.005  0.0764 +0.006  0.52 & 0.061
AIPI (DPO) 2.88+0.012 —0.08224+0.009 0.67 £0.026 | 2.89 +£0.013 —0.0132+0.009 0.02 = 0.047
RLPA 2.5940.004 0.0915+0.003 0.73+£0.032 | 3.084+0.007 0.0923 +£0.001  0.83 & 0.006
PersonaSteer | 2.95+0.013  0.1147 = 0.008  0.84 +0.061 | 3.18+0.012  0.1084 - 0.013  0.84 4 0.119

Table 9: Alignment results on ALOE (mean = std over 3 independent runs).

Benchmark Data. We evaluate on the ALOE
benchmark, which is publicly released for research
use without any personally identifying information
of real individuals. We access the dataset through
its official release channel and adhere to any terms
specified by the authors regarding redistribution
and academic use. We access the dataset through
its official release channel and adhere to any terms
specified by the authors regarding redistribution
and academic use.

Evaluation Judge. We additionally use GPT-40
via API as an automated judge and user simulator,
subject to OpenAl’s Usage Policies and Services
Agreement. All API calls were made within the
scope of academic research.

J Documentation of Artifacts

This work builds upon publicly available artifacts
with existing documentation. We summarize their
coverage below and refer readers to the original
sources for complete details.

Language Models. Qwen2.5-7B-Instruct and
Qwen2.5-3B-Instruct are pre-trained on multilin-
gual web text, code, and synthetic data, with post-
training alignment for instruction following. The
models support English and Chinese primarily,
with coverage of 29+ languages. Their training
documentation reports demographic and domain
coverage in the technical report; we use them as
frozen backbones without modifying their linguis-
tic or demographic representations.

Benchmark Data. The ALOE benchmarkdoc-
umentation describes the persona generation
pipeline, which covers diverse synthetic demo-
graphic attributes and interaction styles. No ad-
ditional demographic groups are introduced by our
method.

K Key Software Dependencies and
Versions

Table 8 lists the key software packages and their
versions used to implement and evaluate PersonaS-
teer.

L Statistical Significance of Pairwise
Comparisons

Backbone Comparison Diff. 95% CI

vs SFT +0.170 | [+0.134, +0.206]

3B vs DPO | +0.070| [+0.026, +0.114]
vs RLPA | +0.360 | [+0.326, +0.394]

vs SFT +0.020 | [-0.012, +0.052]

7B vs DPO | +0.290 | [+0.246, +0.334]
vs RLPA | +0.100| [+0.066, +0.135]

Table 10: Pairwise 95% ClIs (Welch’s t-test) vs Per-
sonaSteer.

We focus pairwise significance testing on the
strongest competing methods: AIPI (SFT), AIPI
(DPO), and RLPA. Table 9 reports mean + standard
deviation across 3 independent runs, and Table 10
provides Welch’s t-test 95% confidence intervals
(CI) for the mean difference versus PersonaSteer.
Most pairwise 95% Cls are bounded away from
zero, indicating statistically robust gains.

M Comparison with State-Conditioned
PEFT and Related Architectures

Table 11 reports the HRM Adapter baseline along-
side PersonaSteer. While HRM Adapter improves
positioning against vanilla state-conditioned PEFT,
PersonaSteer achieves higher alignment and more
stable multi-turn improvement rates on both model
scales.

The key distinctions between PersonaSteer and
related dynamic personalization approaches are as
follows:

* Hypernetworks predict backbone weight up-
dates, whereas PersonaSteer leaves the LLM
frozen and only adds a residual steering vec-
tor.

26875



Method Size Avg ALt N-IRT N-R*t
HRM Adapter | 3B 2.81 0.067 0.54
HRM Adapter | 7B 2.83 0.088 0.81
PersonaSteer 3B 2.95 0.115 0.84
PersonaSteer 7B 3.18 0.108 0.84

Table 11: Comparison with HRM Adapter on ALOE.

* Recurrent prefix/prompt tuning puts state

in the prompt (context grows), whereas Per-
sonaSteer injects into the residual stream.
* Dynamic LoRA-style methods still adapt
many low-rank matrices inside the model.
* State-conditioned adapters (e.g., HRM) are
closest to our approach, but they keep recur-
rence on the backbone path; PersonaSteer
keeps an explicit persona state outside the
LLM and updates it for multi-turn personal-

ization.

In summary, PersonaSteer adds a steering vector
into the residual stream, which biases the frozen
LLM’s activations without rewriting weights or
growing the prompt; an external persona state then

carries multi-turn preference across turns.
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