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Abstract

Transforming explicit preference signals
into implicit and parameterized behaviors
is pivotal for enabling prompt-free, human-
aligned generation and improving the us-
ability, efficiency and robustness of large
language models. However, existing meth-
ods align model preference well but still
rely on explicit user instructions to con-
vey specific preferences, leading to cum-
bersome user experiences and undermin-
ing natural, frictionless interaction with the
model. To fill the gap between explicit and
implicit preference representation, this pa-
per introduces a theoretical framework that
establishes both necessary and sufficient
conditions for effective preference recogni-
tion. Based on this framework, we pro-
pose a novel Two-Stage Progressive Pref-
erence Transfer (TSPPT) method, which
decomposes preference internalization into
two manageable stages: preference repre-
sentation learning and preference internal-
ization transfer. The proposed method fills
the gap between explicit and implicit pref-
erences while maintaining the model’s gen-
eral capabilities. The experiments across
multiple models (Qwen2.5, Qwen3, Llama-
3.2, DeepSeek-R1-Distill) and datasets (Ul-
traFeedback, HelpSteer) demonstrate supe-
rior performance. The proposed method
achieves 79.2% win rate on UltraFeedback
(vs. 59.2-67.6% for baselines), substantial
improvements on MT-Bench (7.86 vs. 7.34
for best baseline), and significant reductions
in implicit social bias (0.165 vs. 0.185-
0.325 for baselines). Notably, the method
maintains comparable performance between
implicit and explicit settings, confirming
successful preference internalization.'
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1 Introduction

Large language models (LLMs) have demon-
strated remarkable capabilities across diverse
tasks (DeepSeek-Al et al., 2025; OpenAl et al.,
2024), yet aligning their outputs with human pref-
erences remains a fundamental challenge (WANG
et al., 2023; Lee et al., 2024b; Ji et al., 2024b;
Thakkar et al., 2024; Sun et al., 2023; Lee et al.,
2024a). Human preferences are inherently im-
plicit, as it is not common to explicitly state
“please use a polite tone, provide concise answers,
and avoid technical speech” when interacting with
a human assistant. An aligned intelligence should
make such preferences the default rather than re-
quiring explicit instructions in each interaction.
(Lerner et al., 2024). However, current models
rely on prompts that include explicit preference in-
structions, which leads to uneven behavior when
such instructions are omitted and raises a recur-
ring burden on users to restate their preferences
(Chen et al., 2025; Cao et al., 2024). These limita-
tions pose a significant problem: How can explicit
preference instructions in the prompt be converted
into default, parameterized behavior that persists
without such instructions?

Numerous preference optimization methods
have been proven effective on preference align-
ment. The representative approaches include
Reinforcement Learning from Human Feedback
(RLHF) (Ouyang et al., 2022), Direct Preference
Optimization (DPO) (Rafailov et al., 2023) and
their variants (Pang et al., 2024; Wang et al.,
2024b; Lai et al., 2024; Ji et al.,, 2024a; Pal
et al., 2024; Wang et al., 2024a; Meng et al.,
2024). These methods primarily optimize the
conditional distribution Py(y|x,p) where p repre-
sents preference-related context, raising the likeli-
hood of preferred responses under specific train-
ing conditions. However, they typically do not
isolate the preference factors that make the pre-

Transactions of the Association for Computational Linguistics, vol. 14, pp. 1074-1095, 2026. https://doi.org/10.1162/TACL.a.697

Action Editor: Dirk Hovy. Submission batch: 9/2025; Revision batch: 12/2025; Published 6/2026.
(© 2026 Association for Computational Linguistics. Distributed under a CC-BY 4.0 license.


https://github.com/BiinRw/E2I-Pref
https://github.com/BiinRw/E2I-Pref

/I’reference Representation Learning /Semantic Space

'
'
1 L p)
(%, p) y(x.p)Y | Py, Explicit-Implicit
1 - &
LLM ! e @) \Preference Gap
t i -
4
“ o000 ! i),
__________________________ : GK
Preference Internalization H yi(x,p) N
//’__‘ \ Di /9000, i !I
(X, p) vergence ( e H |
} ! , : Ali;znmcnl: 74x) } H |
| | \
L e OV H B
tt ! %
'
! P
'
1 ™
'
o N

Figure 1: Architecture of the Two-Stage Progressive
Preference Transfer (TSPPT) method and illustration
of explicit and implicit preference transformation in se-
mantic space.

ferred response ¥, superior to the non-preferred
response y; under input x, leaving the underly-
ing preference rationale entangled with task se-
mantics. This reveals an explicit-implicit gap,
as alignment remains strong with explicit instruc-
tions but weakens in their absence, pointing to
incomplete internalization. The practical signif-
icance is operationalized as the explicit-implicit
gap, quantified by instruction-verifiable checks
under prompts with and without explicit prefer-
ence instructions. This criterion is evaluated em-
pirically in Section 7.4.

To bridge this gap, this paper introduces a theo-
retical framework and proposes a practical method
for explicit-to-implicit preference transfer. This
work targets the discrepancy between behavior
with and without explicit preference instructions.
By extracting the “why y,, over y;” preference sig-
nal and internalizing it into model parameters, the
model exhibits preference-aligned behavior even
in the absence of explicit instructions, reducing
reliance on explicit prompting while achieving
strong performance across diverse benchmarks.
To the best of our knowledge, there is an absence
of a theoretical formulation for implicit preference
recognition. As shown in Figure 1, the Two-Stage
Progressive Preference Transfer (TSPPT) method
addresses this limitation through a principled fac-
torization approach. The method first learns a
preference representation r(x) from pairwise data
(z,Yw,y;) that captures why y,, outranks y; un-
der condition x. This representation is then frozen
and its effect is transferred into model parameters
through an asymmetric margin transfer objective,
with regularization to preserve general capabili-
ties. The approach explicitly minimizes the gap
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between explicit and implicit preference expres-
sion while providing operational metrics to ver-
ify successful internalization. The experimental
results indicate that the proposed method outper-
forms preference alignment methods like DPO,
IPO, ORPO, RLHF and GRPO, in terms of both
pairwise comparison and general abilities. The
main contributions are shown as follows.

(1) A theoretical framework for effective pref-
erence recognition in large language model align-
ment is introduced, providing sufficient and nec-
essary conditions as well as complete characteri-
zation through formal theorems and proofs. Based
on this framework, the satisfaction conditions for
implicit preference expression are defined, and
three empirical metrics are proposed to monitor
the training process.

(2) A two-stage preference transfer method is
proposed to ensure preference internalization from
explicit to implicit preference, which decomposes
preference internalization into preference repre-
sentation learning and preference transfer stages.
Experiments on various datasets and evaluation
metrics demonstrate improved preference align-
ment without degrading its general performance.

(3) Extensive analysis of explicit and implicit
preferences is conducted across various dimen-
sions and social psychology theories, establishing
the relationship between preference transfer, gen-
eral capability preservation, and implicit bias re-
duction across multiple evaluation dimensions.

2 Related Work

Preference Optimization in LLMs. Early ap-
proaches of preference optimization rely on su-
pervised fine-tuning with human-labeled data
(Ziegler et al., 2019; Bai et al., 2022), but the
implicit preference signal in labeled data is weak
or noisy. Reinforcement Learning from Human
Feedback (RLHF) introduces reinforcement learn-
ing to align model outputs with stronger prefer-
ence signals. RLHF has a three-step pipeline of
supervised fine-tuning, reward modeling and re-
inforcement learning, such as PPO and GRPO
(Christiano et al., 2017; Guo et al., 2024). Re-
cently, methods like Direct Preference Optimiza-
tion (DPO) and its variants are proposed to by-
pass the need for reinforcement learning by intro-
ducing a new reward parameterization (Rafailov
et al.,, 2023; Ji et al., 2024a; Pal et al., 2024;
Wang et al., 2024a; Meng et al., 2024). YPO (Psi



Preference Optimization) is introduced to formu-
late a general objective of DPO variant methods,
and an Identity-PO (IPO) is further proposed to
mitigate overfitting in DPO (Azar et al., 2024).
Method like ORPO (Odds Ratio Preference Op-
timization) introduces an odds ratio-based penalty
to the non-preferred responses without a reference
model (Hong et al., 2024). The Token-level Direct
Preference Optimization (TDPO) is proposed to
align models at the token level (Zeng et al., 2024).
Compared to implicit reward modeling in DPO,
the importance of explicit reward models in RLHF
is conducted by (Lin et al., 2024). However, these
methods depend on constructed reward modeling
rather than directly embedding explicit preference
as internal constraints.

Explicit and Implicit Preferences. The dis-
tinction between explicit and implicit preferences
originates from social psychology (Greenwald and
Banaji, 1995; Nosek, 2005), where explicit prefer-
ences are expressed consciously and observed di-
rectly, while implicit preferences are unconscious
and inferred from behavior. Different from so-
cial psychology, the explicit and implicit prefer-
ences in LLMs are defined as the explicit pref-
erence dependence on preference instructions and
the implicit preference internalization without ex-
plicit prompts. Within this general framework,
the stereotype and social bias represent a specific
form of implicit preferences (Gawronski, 2019),
prior works in LLMs primarily focus on this sub-
field (Bai et al., 2024), measuring the implicit pref-
erences and biases by leveraging the ability of
self-correction (Ganguli et al., 2023; Cheng et al.,
2023; Zhao et al., 2024; Ko et al., 2025). Further-
more, explicit and implicit social biases in LLMs
are evaluated using self-reflective explicit assess-
ments and [AT-style prompt-based implicit probes
(Zhao et al., 2025).

Prompt-Based Learning. Recent work investi-
gates prompt-based specification of tasks and pref-
erences for fine-grained model control (Liu et al.,
2023; Kuo and Chen, 2023), including prompt
templates design, in-context learning, soft-prompt
and prefix-tuning (Wu et al., 2023; Li and Liang,
2021; Liu et al., 2022; Rubin et al., 2022; Zhang
et al., 2022; Wu et al., 2024). However, these
approaches maintain explicit dependency on pref-
erence instructions, limiting their applicability in
real-world scenarios where seamless user interac-
tion is desired.
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3 Problem Definitions

Preference transfer is formulated as the fundamen-
tal problem of transforming explicit preference de-
pendence into implicit preference internalization.
Explicit preferences can be viewed as a condi-
tional distribution Q(y|z, p) that characterizes the
ideal preference distribution over candidate out-
puts y given input x and preference instruction p
from humans. Conversely, implicit preferences
represent the desired prompt-free model distri-
bution Py(y|x) that can autonomously reproduce
such preferences without relying on external in-
structions p.

Definition 1 (Explicit-to-Implicit Preference
Transfer). Explicit-to-implicit preference transfer
is mathematically defined as solving the optimiza-
tion problem:

0" = argminE, p)p [D (Q( |2, p)[| P (-]2))]

ey
Here, D is the distribution over input-instruction
pairs (z,p), Q(y|z,p) represents explicit pref-
erences, Py(y|x) represents implicit preferences
(prompt-free distributions parameterized by 6),
and D(-||) is a differentiable divergence measure
such as KL divergence or cross-entropy.

The core challenge lies in achieving effec-
tive distribution alignment while preserving the
model’s general capabilities and preventing catas-
trophic forgetting.

4 Preference Recognition Framework

To understand how explicit preferences become
internalized into LLMs’ prompt-free behavior, we
introduce a preference recognition framework that
characterizes the desirable behavioral properties
of preference transfer.

Definition 2 (Effective Preference Recogni-
tion). A LLM exhibits effective preference recog-
nition if explicit preferences influence both its
prompts-conditioned outputs and its prompt-free
outputs in a consistent and predictable way. This
conceptual definition is formalized in Appendix A,
which presents the sufficient and necessary condi-
tions that characterize successful preference inter-
nalization.

Effective preference recognition requires three
behavioral properties. (i) the LLMs should be
able to distinguish preferred from dispreferred re-
sponses, reflecting sensitivity to preference in-
structions. (ii) Preferences expressed under ex-



plicit prompts should be transferred to the prompt-
free setting, so that the LLMs exhibit similar
preference even without an explicit prompt. (iii)
The LLMs should preserve the preferred-over-
dispreferred ordering on a large fraction of prefer-
ence pairs, indicating that the learned preferences
have been internalized into its implicit behavior.
Empirical Metrics for Preference Transfer.
To operationalize these theoretical conditions,
the following empirical metrics are defined:
Preference Margin Score:

PMS — — Zlong Y| i) — log Py(yf|;)]

2)

Transfer Gap Score:

base

N
1 .
==y (@) (©)
TGS N 2 ‘Norm(ﬁp ) — Norm(4, )| (3)

0 = log Py(yi, |2, p) — log Py(yi| i, p)

and eéd)be log Py(ys,|2i) — log Po(yj|z:)-
Preference Consistency Rate:

where /),

PCR = — Z [Py(yly|zi) > Py(yjlms)] (@)

Here, I[-] is the indicator function that returns 1
if the condition is true and O otherwise. These
metrics provide practical tools for monitoring the
preference transfer process and ensuring theoreti-
cal conditions are satisfied.

5 Two-Stage Progressive Preference
Transfer

We propose the Two-Stage Progressive Preference
Transfer method, which decomposes the com-
plex preference transfer problem into two man-
ageable stages: preference representation learning
and preference internalization transfer. As shown
in Figure 1, the first stage focuses on learning
effective preference representations by P-Tuning,
while the second stage transfers these representa-
tions into the model’s intrinsic parameters through
a novel alignment loss.

5.1 Stage 1: Preference Representation
Learning

The first stage employs P-Tuning to learn continu-
ous preference representations while keeping the
base model parameters 6 frozen. The learnable
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soft prompts p = [p1,p2,...,pm] € R™*? are
introduced, where m is the prompt length and d is
the embedding dimension.

For each input sample (z;,%,,y?), the prefer-
ence difference is computed with soft prompts:

05 = log Py(yiy|i, p) — log Py(yj|zi,p)  (5)

The P-Tuning loss follows the formulation:

N
1 ,
Lp-Tune = _N Z log O'(ng)) (6)

where (3 is a parameter controlling preference sen-
sitivity.

The soft prompts are initialized using
preference-related  vocabulary =~ embeddings
and trained using gradient descent with learning
rate scheduling. This stage produces well-trained
soft prompts p* that effectively capture preference
patterns in the data.

5.2 Stage 2: Preference Internalization
Transfer

The second stage transfers the learned preference
representations into the model’s parameters. The
soft prompts are frozen from Stage 1 and the
model parameters are optimized using a novel loss
function.

The preference difference without prompts is
defined as:

() =log Py(yl,|zs) — log Py(yflz:)  (7)

The preference transfer loss is defined as:

Lirans = Z maX El()a)se) (®)

This loss optimizes the gap between prompted
and unprompted preferences, using a ReLU func-
tion to ensure appropriate optimization direction.
The asymmetric penalty ensures that we only pe-
nalize cases where the unprompted preference is
weaker than the prompted preference.

The preference optimization objective is then
defined as:

N
Lro =Y logo [50] O
i=1

This loss encourages the model to assign higher
probabilities to preferred responses and lower



probabilities to non-preferred responses, widening
the gap between them to ensure preference align-
ment.

To prevent catastrophic forgetting, we introduce
a KL divergence regularization term:

N
1 base,(7) || _base,(7)
EKL = ﬁ Zl[KL(ﬂ-O ”ﬂ-ref )

+ KL(ﬂ_gref, (%) H ﬂ_pref,(i) )]

ref

(10)

where s 18 the frozen reference model, and
the KL terms constrain both prompted and un-
prompted distributions.

The complete loss function combines three
components:

Liotal = Lpo + Lyrans + ALKL (11)

where « controls preference transfer strength
and A controls knowledge preservation.

5.3 Algorithmic Implementation

As shown in Algorithm 1, the two-stage struc-
ture separates the learning of the preference signal
from its internalization, making the overall pro-
cess more stable and interpretable.

Parameter Isolation: By freezing different
components in each stage, Stage 1 isolates pref-
erence learning to the prompt space, while Stage 2
isolates internalization to the model parameters.

Reference Preservation: Setting 0.f <+ 0 at
the beginning of Stage 2 provides a stable refer-
ence point for the KL divergence regularization,
ensuring that the model maintains its original ca-
pabilities during preference internalization.

Convergence Monitoring: The algorithm also
enables practical monitoring of quantities such as
the preference margin £, 4, offering monitor-
ing signals for when preference transfer stabilizes.

6 Experimental Setup
6.1 Datasets

The proposed method is evaluated on two
published preference datasets: UltraFeedback-
Binarised (Cui et al., 2023), a large-scale corpus
of binarized user-assistant feedback across mul-
tiple aspects; HelpSteer (Chai et al., 2022), a
preference dataset that focuses on helpfulness by
collecting human feedback across various dimen-
sions, including helpfulness, correctness, coher-
ence, complexity and verbosity.
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Algorithm 1 TSPPT
Require: Pre-trained model 6,
dataset D
Ensure: Model with internalized preferences 6*
1: Stage 1: Preference Learning
Initialize soft prompts p € R™*¢
Freeze model parameters 6 < 6
for epoch = 1to F; do
for batch (z, v, y;) € D do
Compute ¢, = logPy(yw|z,p) —
log Py(yi|z, p)
Update p using Lp.tune = — log o (84p)
end for
9: end for
10: Save trained prompts p*
11: Stage 2: Preference Internalization
12: Set reference model G < 6
13: Freeze prompts p < p*
14: for epoch = 1 to F» do
15:  for batch (z,yy,y;) € D do

preference

AN AN S o

[c BN

16: Compute lhyse = log Pyp(yw|z) —
log Py(yilz)

17: Compute ¢, = logPy(yw|z,p) —
log Py(yi|z,p)

18: Update 6 using Lioal

19: end for

20: end for

21: return 6*

6.2 Models

The experiments are conducted on Qwen2.5,
Qwen3, Llama-3.2 models and DeepSeek-R1-
Distill models, which are the state-of-the-art open-
source LLMs. The training and inference details
are provided in Appendix B.1.

6.3 Evaluation Metrics

The effectiveness of preference transfer is evalu-
ated using the following metrics:

» Pairwise Win Rates: Win rates are based on
pairwise comparisons between the fine-tuned
and base models.

* Preference Metrics: Harmlessness and Help-
fulness metrics are computed to evaluate the
preference alignment.

* General Abilities: MT-Bench, AlpacaEval
and MMLU benchmarks are used to assess
the general abilities of the models.



Qwen2.5-1.5B-Instruct UFB(mp.) UFB(Exp.) HS(Imp.) HS(Exp.)

Methods Win Lose Harmless Helpful Win Lose Harmless Helpful Win Lose Win Lose
SFT 314 678 30.8 284 422 532 43.0 418 416 568 532 46.0
DPO 67.0 33.6 68.2 664 69.0 274 68.8 67.4 494 502 592 3938
IPO 59.2 394 57.0 582 634 368 63.2 62.0 51.6 474 584 408
ORPO 67.6 312 66.2 652 70.8 24.6 69.6 68.4 530 46.8 578 394
RLHF 67.0 334 68.6 662 71.0 282 71.8 704 564 39.6 604 372
GRPO 66.6 31.8 66.4 652 704 29.8 69.8 700 548 440 58.8 392
TSPPT (Ours) 792 19.0 79.0 794  79.0 20.2 79.6 788 634 33.6 632 30.0

Table 1: Pairwise Win Rates and Preference Metrics on UltraFeedback(UFB) and HelpSteer(HS). Implicit refers
to the model’s performance without explicit preference prompts, while Explicit refers to the performance with
explicit preference prompts. The win rates are calculated based on pairwise comparisons between the fine-tuned
model and the base model, with GPT-40 as the judge. The results under Explicit setting are averaged over five

explicit preference instructions.

* Explicit-Implicit Gap (EIG): Defined as the
paired score difference between with and
without explicit preference instructions in the
prompt on the same inputs. Two variants are
reported: (i) IFEval (Instruction Following
Evaluation) (Zhou et al., 2023), a judge-free,
instruction-typed evaluator and (ii) PFEval
(Preference Following Evaluation), a judge-
free and preference-oriented evaluator intro-
duced in this work. PFEval is an adaptation
of IFEval in which the original constraint-
checking rules are replaced with preference-
based comparison templates, allowing the
metric to assess preference-following behav-
ior under both explicit and implicit settings.
The detailed evaluation settings and the dif-
ferences between IFEval and PFEval are pro-
vided in Appendix B.4.

* Explicit and Implicit Bias: Social bias assess-
ment is based on psychological theories. Im-
plicit bias is measured using the Implicit As-
sociation Test (IAT) and explicit bias is as-
sessed by the Self-Report Assessment (SRA),
which follows the settings in (Zhao et al.,
2025).

* Preference Margin Score (PMS): This score
measures the margin between preferred and
non-preferred responses.

* Transfer Gap Score (TGS): This score evalu-
ates the gap in performance before and after
preference transfer.

* Preference Consistency Rate (PCR): This
rate assesses the consistency of preferences
across different contexts.
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7 Results

7.1 Preference Evaluation

The effectiveness of preference transfer is evalu-
ated using pairwise win rates and preference met-
rics. The comparison results rely on GPT-40 as
the external and impartial judge to ensure faith-
ful evaluation. For pairwise win-rate evaluation,
the base model is always queried in its default
implicit setting. The models are evaluated under
two settings: the implicit setting uses no addi-
tional preference prompts, while the explicit set-
ting applies the preference instructions listed in
Appendix B.2. As shown in Table 1, the pro-
posed method achieves significantly higher win
rates than the baselines and it shows substan-
tial improvements in Harmlessness and Helpful-
ness metrics, indicating superior preference align-
ment. Further, our method achieves compara-
ble implicit and explicit performance, demonstrat-
ing successful preference internalization, unlike
baselines with substantial implicit-explicit perfor-
mance gaps.

7.2 Preference Transfer Effectiveness

To evaluate preference transfer effectiveness, the
models are assessed on the Implicit and Explicit
Social Bias following the settings in (Zhao et al.,
2025).

As shown in Table 2, the proposed method de-
creases the implicit social bias significantly com-
pared to the baselines. In Stage 1, the soft prompt
is learned by maximizing the log-probability mar-
gin between the preferred and dispreferred re-
sponses for each preference pair. This proce-
dure captures a preference-differentiating direc-



Qwen2.5-1.5B-Instruct Race Science Gender Occup. Disability Gender Career. Age

Methods Imp. Exp. Imp. Exp. Imp. Exp. Imp. Exp. Imp. Exp. Imp.  Exp.
Base 0.245 0440 0.210 0535 0.215 0540 0.230 0.500 0.160 0450 0.210 0.650
SFT 0.180 0.375 0.185 0420 0.200 0355 0.220 0.335 0.195 0465 0310 0.405
DPO 0220 0460 0.180 0.535 0.185 0550 0.225 0470 0200 0470 0.210 0.635
1PO 0.225 0.445 0.230 0.540 0.195 0550 0.205 0480 0.190 0455 0210 0.610
ORPO 0.185 0.455 0.190 0.390 0.175 0425 0.160 0425 0.165 0.435 0.245 0.400
RLHF 0.220 0.485 0.195 0.545 0.185 0505 0.205 0490 0.170 0460 0.225 0.620
GRPO 0.255 0.525 0280 0.600 0.220 0.510 0325 0520 0225 0470 0.300 0.670
TSPPT (Ours) 0.165 0460 0.140 0.525 0.165 0.545 0150 0510 0.155 0450 0.205 0.640

Table 2: Implicit and Explicit Social Bias Evaluation across six dimensions for models trained on the UFB dataset.
The Implicit and Explicit evaluations are measured by the Implicit Association Test (IAT) scores and the Self-
Report Assessment (SRA) respectively. Lower values indicate a less biased model. The results are averaged over

five explicit preference instructions.

Qwen2.5-1.5B-Instruct MT-Bench AlpacaEval

MMLU Categories

Methods GPT-40 GPT-40 Ethics Politics Law Philosophy Psychology History Economics
Base 7.20 56.65 (1.74) 47.18 54.06 4229 55.09 56.79 61.72 56.11
SFT 6.14 5236 (1.76) 4539 6222 53.51 58.80 58.25 68.81 62.01
DPO 7.28 68.39 (1.63) 4691  53.69 41.98 55.09 56.38 61.68 56.50
PO 7.10 64.60 (1.75) 48.08 5490 43.56 55.41 58.45 63.50 56.84
ORPO 5.62 72.84 (1.82) 3044 2729 28.73 35.73 34.35 54.07 27.22
RLHF 7.26 73.84(1.62) 35.09 3436 28.94 36.35 33.45 45.63 32.83
GRPO 7.34 70.46 (1.86) 37.77  33.57 27.06 36.60 37.45 47.79 29.66
TSPPT (Ours) 7.86 75.31(1.51) 48.04 63.01 50.57 58.88 58.84 70.33 64.44

Table 3: General Abilities on MT-Bench, AlpacaEval and MMLU. Here, 26 preference-related categories in
MMLU are selected, which are further divided into 7 clusters. GPT-4o is used as the judge for MT-Bench and
AlpacaEval. The numbers in parentheses for AlpacaEval indicate the standard error. The best results are high-

lighted in bold, and the second-best results are underlined.

tion that increases the likelihood of responses pre-
ferred by humans into the soft prompt. In Stage 2,
TSPPT transfers this preference-differentiating di-
rection into the prompt-free distribution by en-
couraging Py(y | x) to approximate Py(y | =, p).
This makes the model more likely to generate
balanced and non-stereotypical outputs without
explicit safety instructions, consistent with the
observed improvements in implicit IAT scores.
Both SFT and ORPO exhibit comparatively larger
changes in explicit bias scores. This is consis-
tent with their training objectives, which do not
include an explicit KL regularization term and
therefore allow the model distribution under ex-
plicit prompts to deviate more freely from the base
model. In contrast, methods that incorporate a KL
constraint in the loss function explicitly limit this
distributional drift, leading to smaller and less sys-
tematic changes in explicit bias. These results sug-
gest that KL-regularized methods, including the
proposed TSPPT, primarily adjust the model’s im-
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plicit preference behavior while keeping its ex-
plicit, instruction-conditioned behavior closer to
the base model.

7.3 General Abilities

To evaluate the influence of preference trans-
fer on general abilities, we conduct experiments
on the MT-Bench and MMLU benchmarks. As
shown in Table 3, the proposed method outper-
forms the baselines on MT-Bench. To further
analyze the performance on various topics, 26
preference-related categories in MMLU are se-
lected and grouped into 7 clusters. The results
show that the proposed method outperforms base-
lines in most clusters, demonstrating its ability to
transfer the explicit preference into the implicit
preference without degrading the model’s general
abilities.

As shown in Figure 2, the radar chart visu-
alizes the performance of the proposed method
compared to the baselines on MT-Bench. The
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Figure 2: MT-Bench Scores Across Different Tasks

Method MT-Bench MMLU UFB(win)
Llama3.2-1B 6.10 24.56 50
TSPPT (Ours)  6.68(+0.58) 24.92(+0.36) 82(+32)
Llama3.2-3B 7.52 27.48 50
TSPPT (Ours) 7.84(+0.32) 28.02(+0.54) 70(+20)
Qwen3-0.6B 7.30 23.68 50
TSPPT (Ours)  7.50(+0.20) 26.22(+2.54)  72(+22)
Qwen3-1.7B 7.80 23.71 50
TSPPT (Ours)  8.06(+0.26) 25.05(+1.34)  85(+35)
DS-R1-Distill 5.70 23.60 50
TSPPT (Ours)  6.02(+0.32) 23.85(+0.25)  74(+24)

Table 4: Results of Different Models with Varied Size

proposed method achieves significant improve-
ments in Humanities, Reasoning, Math, Coding
and STEM, indicating that it transfers preferences
towards more balanced and human-aligned behav-
ior, while maintaining strong performance in rea-
soning tasks. The performance in creative tasks
such as Writing and Roleplay is slightly lower
than the baselines, which indicates a fundamen-
tal trade-off in preference internalization: the pro-
cess inherently constrains output diversity to en-
sure alignment with safety and helpfulness pref-
erences, potentially limiting the creative freedom
required for open-ended generation tasks.

The proposed method generalizes well across
different model sizes and architectures. As shown
in Table 4, TSPPT aligns the model preference
better without degrading general abilities across
various models consistently, including Llama3.2,
Qwen3 and DeepSeek-R1-Distill-Qwen.

7.4 Explicit-Implicit Gap Evaluation

Table 5 shows that the proposed TSPPT achieves
the smallest explicit-implicit gap on both evalu-
ators while keeping top scores in both settings.
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Qwen2.5-1.5B PFEval IFEval

Method Exp Imp A Exp Imp A
Base 522 508 14 48.1 452 29
SFT 512 498 14 492 458 34
DPO 53.0 517 13 525 498 2.7
PO 52.8 51.8 10 519 484 35
ORPO 48.6 457 29 49.6 453 43
RLHF 54.1 520 2.1 547 513 34
GRPO 529 509 20 538 513 25

TSPPT (Ours) 545 543 0.2 559 553 0.6

Table 5: Explicit-Implicit Gap Evaluation on UFB
Dataset. Here, EIG is denoted as A = Sexpiicic —
Simpticit- Smaller EIG indicates stronger internalization
and lower dependence on explicit instructions.

The gap drops to 0.2 on PFEval with an implicit
score of 54.3, and the gap is 0.6 on IFEval with
an implicit score of 55.3. Baselines reduce the
gap less and lose more when explicit instructions
are removed, for instance IPO reaches a gap of
1.0 on PFEval and GRPO 2.5 on IFEval, while
ORPO shows the largest discrepancies and lower
implicit performance. At the same time, TSPPT
also attains the highest explicit scores, which indi-
cates that stronger internalization is achieved with-
out sacrificing instructed behavior. Overall the re-
sults support that preference alignment learned by
TSPPT persists when explicit preference instruc-
tions are absent, narrowing the explicit-implicit
gap and improving default behavior.

7.5 Ablation Studies

As shown in Table 6, the ablation experiments
are conducted to analyze the contribution of each
loss component, Normalization Methods and Pref-
erence Representations. The full model is im-
plemented with all loss components for training,
Percentile Clamp normalization for Eg’) and fk(,?se,
Gaussian initialization for preference representa-
tion learning.

Loss Components Ablation Results. The pref-
erence optimization loss L, is crucial for improv-
ing the pairwise win rates and preference metrics,
while the transfer loss Ly is essential for align-
ing preference signals between explicit and im-
plicit settings. The KL divergence loss Lk serves
as a regularization to prevent catastrophic forget-
ting and preserve general capabilities, contributing
to stable training and implicit bias reduction.

Normalization Ablation Results. Scale de-



MT MMLU UFB HS Imp.Bias
TSPPT 7.86 59.16 79.2 604 0.163
-PO 738 5538 545 470 0.235
-Trans 7.54 5742 724 572 0.225
-KL 726 5374 76.8 59.6 0.175
Scale 728 5652  63.8 528 0.171
Dis. 742 5834 726 574 0.188
None 734 5712  68.0 54.6 0.192
Random 6.26 47.82 46.2 44.0 0.245
Vocab. 7.32 5522 704 532 0.198
HardP. 754 56.48 730 564 0.179

Table 6: Ablation Studies on Loss Components, Nor-
malization Methods and Preference Representations.

notes proportional scaling of preference log-ratios

6(1) to the magnitude of base log-ratios El()a)se, while
Dis. denotes distribution-aware normalization,
which adaptively aligns the distribution with larger
ranges into the smaller one. The results show that
Percentile Clamp normalization in TSPPT out-
performs the above approaches. Both Scale and
Dis. normalization methods apply uniform com-
pression across the entire preference signal range,
which tends to diminish subtle preference varia-
tions. In contrast, Percentile Clamp removes only
the most extreme outliers, reducing extreme gra-
dient values while preserving the core distribution
structure and information.

Prompt Representation Ablation Results.
The preference prompt also plays a significant
role. Here, Random refers to a random prefer-
ence embedding, and Vocab. refers to the aver-
age embedding of the preference-related vocabu-
lary. Hard P. refers to using a hard prompt as the
preference representation directly. The results in-
dicate that the proposed TSPPT outperforms the
random and vocabulary-based approaches signifi-
cantly. The Hard P. performs slightly worse than
the learned prompts in TSPPT, indicating that the
learned prompts can better capture the preference
patterns from pairwise preference data.

7.6 Correlation of Training Metrics and
Performance

To investigate the influence of training metrics and
each loss component on model performance, the
Pearson correlation coefficient between training
metrics and performance is shown in Figure 3. The
results indicate that the preference margin score
(PMS) and preference consistency rate (PCR) are
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Figure 3: Pearson correlation heatmap between train-
ing metrics and model performance.
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Figure 4: P-value heatmap between training metrics
and model performance.

positively correlated with the pairwise win rates
and negatively correlated with the implicit social
bias, which suggests that when PMS and PCR in-
crease, the outputs have better preference align-
ment and less implicit bias. The transfer gap score
(TGS) is negatively correlated with win rates and
positively correlated with implicit bias, indicating
that when the explicit-implicit gap is decreased,
the model performance is improved and the im-
plicit bias is reduced.

The preference optimization loss and transfer
loss exhibit a positive correlation with implicit
bias and a negative correlation with pairwise rates.
As L, and Lyyapns are gradually reduced via back-
propagation, pairwise win rates increase and im-
plicit bias decreases, demonstrating the efficacy
of both loss components. Similarly, maintaining
a low KL divergence loss is crucial for preserv-
ing model performances. As shown in Figure 4,
the p-values further confirm that our loss com-
ponents exert a statistically significant effect on
pairwise win rates, MMLU accuracy, and implicit
bias reduction (all p < 0.01), while their influ-
ence on MT-Bench is inconclusive and nonexistent
(p > 0.05) on explicit bias. This indicates that the
proposed method internalizes preferences without
influencing the explicit social bias.



7.7 Hyperparameter Sensitivity Analysis

To ensure the robustness of our method, hyperpa-
rameter sensitivity analysis are conducted across
three key parameters: « (preference internaliza-
tion strength), 5 (preference optimization inten-
sity), and A (KL regularization weight).

Impacts of Preference Internalization
Strength (a): As shown in Figure 5, moder-
ate « values achieve the best balance between
preference internalization and general capability
preservation. Lower values result in slower
preference integration, while excessively high
values may lead to instability.

Impacts of Preference Optimization Inten-
sity (5): As shown in Figure 6, lower 5 values
provide an optimal balance between preference
alignment and capability preservation. Higher [
values improve initial preference performance but
can compromise general capabilities and lead to
unstable training dynamics. This sensitivity high-
lights the importance of carefully choosing S to
ensure both stability and effectiveness.

Impacts of KL Regularization Weight ()\):
As shown in Figure 7, lower A values allow ef-
fective preference learning with steady improve-
ments in both UFB win rates and MMLU per-
formance. Higher A values provide more stable
MMLU performance but slower preference learn-
ing, while excessive regularization significantly
hampers preference internalization.

The optimal configuration identified is o« = 1.0,
B = 0.05, A = 0.1, demonstrating that TSPPT’s
effectiveness stems from careful balance across all
hyperparameters, with each serving a distinct role
in the preference internalization process.

Alpha analysis (=0.05, A=0.1)

Win Rate MMLU Score
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Figure 5: Effect of preference internalization strength
(a) on win rates and MMLU performance across train-
ing steps.
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Beta analysis (a=1, A=0.1)
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Figure 6: Effect of preference optimization intensity
(B) on win rates and MMLU performance across train-
ing steps.

Lambda analysis (a=0.1, §=0.05)
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Figure 7: Effect of KL regularization weight () on win
rates and MMLU performance across training steps.

8 Conclusions

In this study, a theoretical framework for effec-
tive preference recognition is introduced, the suf-
ficient and necessary conditions under which a
model recognizes and internalizes preferences are
established. Based on this framework, a novel ap-
proach for transforming explicit preference depen-
dencies into implicit preference internalization is
proposed. By employing a two-stage progressive
training methodology, it achieves controlled pref-
erence transfer and mitigating the explicit-implicit
gap while preserving the model’s general capabili-
ties. Although the proposed TSPPT effectively in-
ternalizes explicit preferences into implicit behav-
ior, a natural limitation is that the preference rep-
resentation learned in Stage 1 is derived from pair-
wise data in UltraFeedback and HelpSteer, where
the preferred responses reflect helpfulness, safety,
and on-topic behavior. As a result, the internalized
preference signal is shaped by these dimensions
and it may place less emphasis on stylistic diver-
sity or creative expressiveness in tasks. Exploring
the approach to broader task types and preference
sources will be the direction for future work.
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A Theoretical Proofs and Derivations

A.1 Theorem 1 (Sufficiency Conditions for
Effective Preference Recognition).

The sufficient conditions describe behavioral
properties that, when satisfied, guarantee that ex-
plicit preferences can be successfully internalized
by the model. Given a model with parameters 6,
a preference dataset D = {(z;,y.,, y!)}¥, and a
target preference p, where y!, is the preferred re-
sponse and ylZ is the non-preferred response, the
model demonstrates preference recognition ability
if the following conditions hold:

(S1) Preference Margin Condition:
threshold § > 0,

For

E(:p,yw,yl)N’D[log Pg(yw|$) - IOg Pg(yl’l’)] >0
(12)
The model should consistently assign higher
likelihood to preferred responses than to dispre-
ferred ones.
(S2) Transfer Convergence Condition: For
e€e> 0,

E(I:ywvyl)"‘DH log Pg(yw‘x7p) - log PH(yl|x7p)
— (log Py(yw|z) —log Py(yilz))|] < € (13)

The preference-induced behavior observed un-
der explicit instructions should carry over to the
prompt-free setting with minimal discrepancy.

(S3) Distribution Preservation Condition:
For regularization bound 7 > 0,

Esx[KL(Py(2) | Po (o)) <7 (14)

Preference transfer should not excessively dis-
tort the model’s original behavior.

A.1.1 Complete Proof of Theorem 1

Proof. The sufficiency is proved by showing
that conditions (S1)-(S3) jointly guarantee effec-
tive preference recognition.

Proof of (S1): Condition (S1) ensures the
model autonomously favors preferred responses.
Provided the expected log-probability difference
exceeds 9(0 > 0), the law of large numbers
guarantees that, for sufficiently large datasets, the
model will consistently assign higher probability
to preferred responses without explicit prompting.

Proof of (S2): This section provides a detailed
derivation of the equivalence between the bounded
convergence condition (S2), the learnability of the
preference p, and the explicit upper bound for the
achievable gap under gradient-based optimization.
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Notations.

Yw: preferred output under instruction p
(winner)

y;: less preferred output under instruction p
(loser)

Py(y|x): output probability of the model pa-
rameterized by 6 (without preference instruc-
tion)

Py(y|x,p): output probability of the model
with preference instruction p

Define the log-probability margins:

Py(yuwlz, p)
L, =1log ———= (15)
P Py(yi|, p)
Py (ywl|)
lpase = log (16)
e Py(yilx)
Pyino(yw|7)
palter — 1o ZOHSOATWIT) (17)
base Poyno(yilz)
Step 1: First-Order Taylor Expansion. The

log-probability under a parameter perturbation can
be approximated using first-order Taylor expan-
sion:

log Poyno(ylz) ~ log Py(y|x)+Vglog Py(y|x) " A

(18)
Applying this to y,, and y; and taking their differ-
ence yields:

after
gbase

%ebase"i_G(mvywyyl)TAev (19)

where

G(z, yw, y1) = Vglog Py(yw|x)—Velog Py(yi|x)
(20)

Step 2: Gap Minimization Objective. The goal
is to find A6 such that the following gap is mini-

mized:

after
gbase

2n

— Zp‘ <e
With the Taylor approximation, this becomes:

G, ) A0 = (b — biase) | < € 22)

Step 3: Minimum-Norm Solution via Lagrange
Multipliers. We seek the minimum-norm pa-
rameter adjustment Af satisfying

G(ZL‘, Yw, yl)TAe Ep - Ebaser (23)



This constrained optimization can be solved by in-
troducing a Lagrange multiplier \:

1
£(20,%) = 5 ]20]?

- A <G($, Yw» yl)TAe - (Kp - Ebase)) .

(24)
Setting the gradients to zero gives
Af = )\G(fC,yw,yl)7 (25)
G($, Yw, yl)TAH - Ep - gbase- (26)
Substituting, we obtain:
)‘”G(xaywvyl)HQ :€p _Ebase (27)
Ly — gbase
= A= I (28)
1G (2, Y, )2
Therefore, the minimum-norm solution is
Ly — lhas
A= L2 2% _Q(z, yu, yi). (29)
(IR
Step 4: Learnability Condition. A finite Ag*

exists if and only if ||G(x,yw, ;)| > 0 and
|€p — lhase] < o0. Otherwise, either the direc-
tion is unresponsive (not learnable), or the margin
is unbounded (not learnable in finite steps).

Step 5: Convergence Gap Analysis. In the lin-

ear regime, substituting Af* yields

Kafter ~ Ebase + G(.% yw’yZ)TAO* = fp. (30)

base
Expanding to second order, the Taylor remainder

for the log-probability margin is

R= %(AH*)TH N (31)

where H is the Hessian. Let C' be an upper bound
on the Hessian operator norm, then

1
R < 5ClA0*. (32)
From the minimum-norm solution, we have:
E - K ase 2
R ce)

ECERE

Therefore, the Taylor residual can be upper
bounded as:

_ 2
€Taylor <(C- (ép ebase)

o~ hase) 34
SC v Y

Step 6: Inclusion of Optimization Error. In
practice, the parameter update may not reach Ag*
exactly, so we include an optimization residual
Ooptimization- 1he total residual gap is:

(Kp - Zbase)Q

e =C-
IG?

(35)

+ Ooptimization

Discussion on the Proof of (S2). The above
derivation establishes a rigorous connection be-
tween bounded convergence and cognitive pref-
erence internalization. Specifically, the existence
of a finite upper bound on the residual gap is
both necessary and sufficient for effective pref-
erence recognition: such a bound is achievable
if and only if the model’s parameter space is re-
sponsive to preference distinctions, as indicated
by a non-zero preference gradient. The minimum-
norm solution Af* provides a systematic mapping
from explicit preference signals to parameter ad-
justments, enabling the model to internalize pref-
erences through gradient-based optimization. Fur-
thermore, the tightness of the upper bound quanti-
fies the efficiency of cognitive internalization, with
stronger gradients corresponding to more robust
and efficient preference transfer.

Thus, the bounded convergence condition (S2)
is not merely a technical criterion, but a funda-
mental characterization of the model’s ability to
decode, represent, and internalize human prefer-
ences at the parameter level. This result offers
both a theoretical foundation for preference learn-
ing and a practical metric for evaluating cognitive
capability in model alignment.

Proof of (S3): Condition (S3) prevents catas-
trophic forgetting by bounding the KL divergence
from the reference model, ensuring that preference
internalization does not compromise the model’s
general capabilities.

The joint satisfaction of these conditions im-
plies that the model has effectively internalized the
preference while maintaining its original capabili-
ties.

A.2 Theorem 2 (Necessary Conditions for
Effective Preference Recognition).

The necessary conditions capture the minimal be-
havioral requirements that any model must satisfy
in order to demonstrate effective preference recog-
nition. If a model with parameters § demonstrates
effective preference recognition for preference p,
then the following conditions must hold:
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(N1) Signal Sensitivity: The model must re-
spond differentially to preference signals:

3y > 0: Eqy, y)~oll108 Po(yu|z, p)

—log Py(ywla)] 27 (36)

The model must meaningfully react to explicit
preference instructions, showing measurable dif-
ferences in its responses.

(N2) Differential Response (Training Pre-
requisite): During the preference learning, the
preference signal must affect preferred and non-
preferred responses differently:

E(mvyw,yl)wp[(log Pe(yw|$»l)) - log P@(yw|$))
— (log Py(yi|z, p) — log Py(yi|z))] # 0 (37)

Preferred and dispreferred responses must be
influenced differently by the preference sig-
nal. Otherwise, preference information cannot be
learned.

(N3) Preference Consistency: The un-
prompted model must maintain preference order-
ing: When no preference instruction is provided,
the model should still maintain the preferred-over-
dispreferred ordering for most preference pairs,
indicating that the learned preference pattern has
been internalized.

P(ﬂﬁ,yw,yz)ND[PG(yw‘x) > Py(yilz)] >p  (38)

Here, p represents the random baseline thresh-
old and is set to 0.5. The condition p > 0.5
ensures that the model demonstrates statistically
significant preference recognition beyond random
chance.

A.2.1 Complete Proof of Theorem 2

Proof. The necessity is proved by contradiction.

Proof of (N1): Assume E[| log Py(yw|z,p) —
log Py(yw|z)|] = 0. This implies the model is
insensitive to preference signals, contradicting ef-
fective preference recognition.

Proof of (N2): Assume the preference sig-
nal effects preferred and non-preferred responses
equally. Then:

log Py(yw|z, p) — log Py(yw|z)

= log Py(y1|z, p) — log Py(yi|x) (39)

This implies ¢, = (a5, meaning the preference
signal does not provide discriminative informa-
tion, contradicting effective preference recogni-
tion.
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Proof of (N3): If the unprompted model does
not maintain preference ordering for the major-
ity of examples, it cannot have effectively inter-
nalized the preference, contradicting the assump-
tion, indicating that preference internalization has
failed. This contradicts the hypothesis of effective
preference recognition, since any model claiming
to have internalized preferences must demonstrate
above-random performance in distinguishing pre-
ferred from non-preferred responses. Specifically,
when the probability significantly exceeds p, it
indicates genuine preference understanding rather
than statistical noise, as a model performing at the
random baseline level (p = 0.5) would be equally
likely to favor either response. This threshold es-
tablishes the minimum criterion for effective pref-
erence internalization, ensuring that the model has
successfully learned to distinguish between pre-
ferred and non-preferred responses without ex-
plicit guidance.

A.3 Conditions for Implicit Preference
Internalization

To determine whether a model has successfully in-
ternalized a preference p without explicit prompt-
ing, we establish formal criteria based on proba-
bility distribution changes. A model with parame-
ters 0™ satisfies implicit preference internalization
when four key indicators align:

Unprompted Preference Advantage. Without
additional prompts, the model’s log-probability
difference for preferred versus non-preferred re-
sponses should remain positive, indicating the
model autonomously favors preference-aligned
outputs.

Loase = log Py« (yw‘x) — log Py« (yl|$) (40)

Explicit-Implicit Gap Convergence. The dif-
ference between explicit-prompt advantage ¢,, and
unprompted advantage f,5e should diminish as far
as possible: |£;, — lpase| — 0, demonstrating suc-
cessful internalization of prompt-induced prefer-
ence signals.

= log Pp+ (yw|r,p) — log Py (yi]x,p) (41)

Preference Consistency Preservation. The
model must maintain the exact preference order-
ing established during explicit preference learn-
ing, ensuring that the internalized preference is
indeed p rather than some alternative preference



p’. For any response pair, the relative preference
should remain unchanged between explicit and
implicit conditions.

sign(A,) = sign(Apase) (42)

where A, = log Py (y1]x,p) — log Pp+(y2]x, p)
and Apye = log Py« (y1]|z) — log Pp=(y2|x). The
sign(+) function returns +1, 0, or —1 for positive,
zero, or negative values respectively. This con-
dition prevents internalization of incorrect prefer-
ences p': if the model internalized a wrong pref-
erence, the implicit ordering would contradict the
explicit ordering, violating this consistency re-
quirement.

Preference Signal Independence. Success-
fully internalized preferences should render the
model independent of explicit preference signals,
as evidenced by diminishing sensitivity to prefer-
ence prompt variations.

OBy- (y|z)
dp

While condition (N2) establishes that differen-
tial response is necessary for learning preferences,
successful preference transfer requires this differ-
ential to diminish eventually. This apparent con-
tradiction is reflected in different stages of the
training process:

—0 (43)

 Stage 1 (Learning): N2 must hold to enable
preference recognition.

e Stage 2 (Internalization): The differential
should converge to zero for successful trans-
fer.

Mathematically, we require:
Q)

tliglo |€](Jt) B base| =0 (44)
where ¢ indicates the training progression, and
the convergence occurs after sufficient preference
learning.

Successful transformation of explicit preference
p into intrinsic implicit preference is confirmed
only when positive unprompted advantage, elim-
ination of the explicit-implicit gap, and advantage
ratio convergence all reach their ideal states, and

KL divergence remains low.

A4 Complete Characterization.

Having established sufficient and necessary condi-
tions for effective preference recognition, a com-
plete characterization is presented for evaluating
preference transfer success.

A4.1 Theorem 3 (Complete Characterization
of Effective Preference Recognition).

A model demonstrates effective preference recog-
nition if and only if it satisfies both the sufficient
conditions (S1)-(S3) and the necessary conditions
(N1)-(N3), with the additional requirement that
the sufficient condition thresholds are achieved by
0, €, 7 > 0 and the necessary condition parameters
satisfy v > 0.

This complete characterization provides a rig-
orous framework for evaluating preference trans-
fer success and diagnosing potential issues in the
training process.

B Implementation Details

The experiments are conducted on four NVIDIA
RTX4090 GPUs with 24GB memory each. The
model is trained using the Pytorch framework
with the Hugging Face Transformers libraries.
The DeepSpeed? is used for efficient training and
memory management and the LoRA? is used for
efficient parameter tuning.

B.1 Hyperparameters

Soft prompts have length m of 10 with Gaussian
initialization. Stage 1 uses learning rate 5 x 1074
with cosine scheduling. Stage 2 uses learning rate
1x 10~ with polynomial decay. Hyperparameters
of a, X and § are set to 1, 0.1, and 0.05, respec-
tively. The hyperparameters of LoRA are set to
rank 16, dropout 0.1, and alpha 32. The training
batch size is set to 12, and the number of training
epochs is set to 5 for stage 1 and 1 for stage 2.

Pairwise comparisons are conducted with GPT-
4o as the judge. The win rates are calculated based
on 100 pairwise comparisons for each model. The
preference metrics are computed using the same
judge, and the results are averaged over five runs.
The Implicit setting is evaluated without any pref-
erence prompts, while the Explicit setting uses five
different explicit preference instructions, as shown
in Table 7. The temperature parameter is set to 0.7
for MT-Bench and Pairwise Win Rates evaluation,
and 0 for MMLU evaluation and Preference Bias
assessment.

*DeepSpeed: https://github.com/deepspeed
ai/DeepSpeed

3LoRA: https://github.com/microsoft/LoR
A
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B.2 Hard Prompts for Explicit Inference

To establish a comprehensive baseline for compar-
ison with the proposed method, a set of designed
hard prompts are employed as shown in Table 7,
which explicitly instruct the model to exhibit help-
ful, harmless and honest behaviors. The prompts
are designed with varying levels of specificity and
complexity, ranging from simple helpfulness in-
structions to more detailed behavioral guidelines
that include safety considerations.

B.3 Hard Prompt for Preference
Representation Initialization

In the ablation study, the "Hard P." baseline uses a
fixed hard prompt instead of learned soft prompts
for preference representation. The hard prompt
used is: "Please provide a helpful, honest, harm-
less, and concise response.” This prompt serves
as a static preference instruction that encapsulates
the core preference dimensions evaluated in our
experiments, allowing for direct comparison with
the learned soft prompt representations in TSPPT.

B.4 Experimental settings of IFEval and
PFEval

IFEval. IFEval (Zhou et al., 2023) is used to mea-
sure instruction-following capability in a judge-
free, programmatic manner. It validates model
outputs using strict rule-based checks across
twelve instruction categories (Table 8), such as
length constraints, keyword usage, and format de-
tection. Because preference internalization should
manifest as consistent behavior with or with-
out explicit prompting, IFEval serves as a com-
plementary metric for quantifying the explicit-
implicit performance gap under instruction-based
settings. Test examples are shown in Table 9.
PFEval (Preference Following Evaluation).
PFEval is an adaptation introduced in this work,
derived from the IFEval framework but modi-
fied to evaluate preference-following rather than
instruction-following. We retain IFEval’s fully
programmatic and judge-free evaluation structure,
but replace constraint-based rules with preference-
oriented templates reflecting human-preferred at-
tributes such as completeness, specificity, reason-
ing quality, and formatting preferences. For each
task, we construct paired implicit and explicit vari-
ants: the explicit version includes explicit pref-
erence instructions, whereas the implicit version
contains only the task description. PFEval ap-
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plies both strict and lenient preference checks to
the model outputs, and computes explicit-implicit
gaps in a reproducible paired evaluation setup. Ta-
ble 10 and Table 11 summarize the preference cat-
egories and representative examples used in PFE-
val.

ID Prompt Text

1 You are a helpful assistant. Please provide a helpful,
accurate, and appropriate response to the following
question.

2 Instruction: You are an assistant responsible for pro-
viding friendly, respectful, and helpful responses.

3 Response the question in a helpful, ethical and
friendly way.

4 Determine if the conversation is harmful and biased,
and if so, refuse to answer and give a friendly and
helpful response.

5  You are an assistant responsible for providing
friendly, respectful, and helpful responses. First, as-
sess whether the user’s question contains harmful,
biased, or inappropriate content. If it does, politely
decline to answer and steer the conversations back
to a healthy and constructive direction. If the ques-
tion is appropriate, provide a specific and helpful re-
sponse.

Table 7: Hard prompts used for explicit inference.



Category

Instruction ID

Verification Criteria

Length Constraints

length_constraints:number_words

Word count meets "exact/at least/at most" target requirement.

Length Constraints

length_constraints:number_sentences

Sentence count matches the specified target exactly.

Length Constraints

length_constraints:number_paragraphs

Paragraph count matches the specified target exactly.

Format Detection

detectable_format :number_bullet_lists

Number of bullet lists equals the specified requirement.

Format Detection

detectable_format:json_format

Output parses as valid JSON with all required fields present.

Keywords Constraints

keywords:existence

All required keywords appear in the response text.

Keywords Constraints

keywords: frequency

Keyword appears with the required frequency or relation.

Keywords Constraints

keywords: forbidden_words

Forbidden words do not appear anywhere in the response.

Casing change_case:english_lowercase Output is entirely lowercase (digits and punctuation allowed).
Start/End startend:end_checker Response ends with the exact required phrase or pattern.
Language language:response_language Response language matches the specified target language.

Content Detection

detectable_content:number_placeholders

Placeholder count matches the exact specification.

Table 8: Detailed IFEval instruction categories and strict verification criteria.

Example Task Description Constraint Types Verification Criteria

Example 1 Write a summary about cats in ex- Length constraints, key- Word count > 50; ’feline’ ap-
actly 50 words with ’feline” at least ~ word existence pears > 2 times
twice

Example 2 List 5 benefits of exercise in num- Format detection, punc- Numbered list format; no com-
bered format without commas tuation constraints mas in text

Example 3 Write Wikipedia page summary Length, format, punctua- Word count > 300; > 3 high-
(300+ words) with 3+ highlighted tion constraints lighted sections; no commas
sections, no commas

Example 4 Write a resume for fresh graduate Content detection con- > 12 bracket placeholders like
with at least 12 placeholders straints [name], [address]

Example 5 Ask a question based on given sen-  Casing constraints Entire response in lowercase

tence in all lowercase

letters

Table 9: Representative IFEval test examples demonstrating various instruction constraint types and their program-
matic verification criteria used in preference internalization evaluation.
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Category  Instruction ID What it verifies

Length length_constraints:number_words Word count meets "at least / at most / exactly" requirement.

Length length_constraints:number_sentences Sentence count matches the specified target.

Format detectable_format:number_bullet_lists Number of bullet lists equals the requirement.

Format detectable_format:json_format Output parses as valid JSON with required fields.

Content keywords:existence Required keywords are present.

Content keywords: forbidden_words Forbidden words do not appear.

Content keywords: frequency Keyword frequency meets the threshold.
Formatting change_case:english_lowercase Output is lowercase; numerals and punctuation are allowed.
Formatting startend:end_checker Response ends with the required phrase.

Content detectable_content :number_placeholders Number of placeholders matches the specification.
Structure  combination:two_responses Two distinct responses are produced as required.

Table 10: Instruction categories and verification criteria used in PFEval evaluation.

Example 1:

Implicit

Definition: In this task, you are given an abstract of article. Your task is to generate label "True" if abstract is structured,
otherwise generate "False". A structured abstract is composed of a topic sentence (or key sentence), relevant supporting
sentences, and a closing (or transition) sentence. This structure is key to keeping your abstract focused on the main idea
and creating a clear and concise image. Input: Integrins are membrane receptors which mediate cell-cell or cell-matrix
adhesion. ...

Explicit

Same input + “Please ensure your response follows these preferences: length_preference,
structure_preference, format_preference, response_completeness.”

PFEval Preference

detectable_format :number bullet_lists, length_constraints:number_words,

change_case:english_lowercase, keywords:existence

Example 2:

Implicit

Evaluate the extent to which web usability is affected by various design styles, including color scheme, typography,
layout, and navigation. Provide specific examples and empirical evidence to support your analysis.

Explicit

Same input + “Please ensure your response follows these preferences: length_preference,
structure_preference, content_specificity, reasoning_quality.”

PFEval Preference

keywords:existence, detectable_content :number_placeholders,
length_constraints:number_sentences,
keywords 1: [specifically, for example, such as], keywords 2: [because,

therefore, thus]

Table 11: PFEval test examples highlighting explicit vs. implicit preference evaluation. Explicit conditions provide
clear preference guidance while implicit conditions test internalized preference alignment.
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