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Abstract

Much of the alignment tuning literature is orga-
nized around optimization objectives, while the
construction of alignment data is often treated
implicitly. In this survey, we adopt a data cen-
tric perspective and reframe alignment tuning
as a pipeline design problem. We decompose
alignment data construction into three interact-
ing stages, response synthesis, preference eval-
uation, and preference instantiation, and use
this framework to organize existing alignment
methods into a unified taxonomy. Through
this lens, we identify recurring design trade-
offs and failure modes observed across prior
alignment methods, and distill a set of high
level principles that clarify how pipeline de-
sign choices influence the resulting optimiza-
tion signal. Finally, we outline open challenges
for alignment data pipelines, including prompt-
level alignment, agentic settings, and alignment
under evolving objectives.

1 Introduction

The progress of large language models (LLMs)
has been driven by scaling laws, enabled by in-
creased model parameters (Kaplan et al., 2020),
architectural innovations (Fedus et al., 2022; Wu
et al., 2024), and advances in optimization (Yu
et al., 2025b). As the marginal returns of scal-
ing plateau, performance gains have shifted toward
data-centric factors, with data quality emerging as
a key driver (Chung et al., 2024; Zhuang et al.,
2025; Nazar et al., 2025). Despite this shift, most
prior work views data quality through static cor-
pora, focusing on dataset composition and filtering
for pre-training or supervised fine-tuning (SFT)
(Brown et al., 2020; Liu et al., 2024, 2025¢).
However, this static perspective is insufficient to
explain the safety, robustness, and preference adher-
ence of modern LLMs. These properties are primar-
ily shaped during alignment tuning, a post-training
phase distinct from pre-training (Ji et al., 2023;

Rafailov et al., 2023; Bai et al., 2025). Unlike su-
pervision from fixed distributions, alignment data
is inherently dynamic and policy-dependent, gener-
ated through repeated interactions among prompts,
model outputs, and feedback signals (Li et al.,
2025d; Yu et al., 2025a; Liu et al., 2025b). As a
result, alignment quality is governed less by static
data artifacts and more by the mechanisms that
iteratively construct and evaluate them.

We therefore conceptualize alignment tuning not
as a dataset curation task, but as a pipeline design
problem. Data quality in alignment tuning depends
not only on which samples are retained, but on how
candidate behaviors are generated, evaluated, and
structured into learning objectives. We introduce a
unifying framework with three interacting dimen-
sions: response synthesis, preference evaluation,
and preference instantiation. Figure 1 summarizes
this, highlighting how tightly coupled stages jointly
construct the optimization signal.

Response Synthesis: This stage defines the be-
havioral support of alignment by determining how
candidate responses are generated. Key design
choices include the response source (offline dis-
tillation versus online sampling) (Rafailov et al.,
2023; Zhang et al., 2025c; Yu et al., 2025c¢), se-
lection strategies that prioritize informative candi-
dates, and exploration mechanisms that preserve
diversity and avoid premature mode collapse (Wu
et al., 2025b; Lanchantin et al., 2025).

Preference Evaluation: Given synthesized re-
sponses, alignment depends on the fidelity of pref-
erence signals. This dimension spans evaluator
type, from human annotation to scalable LLM-as-
a-Judge frameworks (Lee et al., 2024; Yu et al.,
2025c¢), as well as judgment granularity and objec-
tive dimensionality, which determine preference
fidelity and the risk of reward hacking or align-
ment tax under scalarized and coarse supervision
(Li et al., 2025a; Mukherjee et al., 2024).
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Figure 1: Overview of the alignment data pipeline, showing how prompts are converted into structured optimization
signals through response synthesis, preference evaluation, and preference instantiation for policy optimization.

Preference Instantiation: Finally, preference in-
stantiation determines how evaluative judgments
are exposed to optimization. This includes point-
wise rewards (Ethayarajh et al., 2024; Yuan et al.,
2024), pair-wise contrasts (Rafailov et al., 2023;
Meng et al., 2024), and group- or list-wise formu-
lations (Ramesh et al., 2024; Liu et al., 2025g),
which differ in how effectively preference structure
is translated into policy updates.

From this perspective, we organize prior work
into a unified data-centric taxonomy (Sections 4—6)
and distill a set of design principles that character-
ize recurring trade-offs and cross-stage interactions
across data pipeline stages (Section 7).

Related Surveys. Existing surveys on data-
centric LLM training primarily emphasize static
data stages, such as data selection for pre-training
and SFT (Albalak et al., 2024; Wang et al., 2023),
dataset catalogs (Liu et al., 2025h), or general train-
ing paradigms (Minaee et al., 2024), as well as
system-level considerations (Xu et al., 2024; Zhou
et al., 2025). In contrast, we focus on alignment
tuning as a dynamic, closed-loop pipeline, examin-
ing how response synthesis, evaluation, and instan-
tiation jointly shape alignment outcomes.

Our Scope. Section 2.2 provides a brief overview
of alignment algorithms, but the majority of our
analysis centers on the alignment data pipeline.
Detailed discussions of optimization algorithms
are deferred to existing surveys on alignment tech-
niques (Xiao et al., 2024), direct preference opti-
mization (Liu et al., 2025¢e), unified loss design
(Tang et al., 2024), and fundamental limitations
such as reward hacking (Casper et al., 2023).

2 Alignment Tuning Foundation

The central challenge in developing LLMs lies in
the mismatch between their training objective and
human preferences (Stiennon et al., 2020; Ouyang
et al., 2022; Bai et al., 2022). Standard next-token

prediction maximizes data likelihood, which is
largely orthogonal to desiderata such as helpful-
ness, honesty, and safety. As a result, models
trained only via pre-training and supervised fine-
tuning may exhibit factual errors or harmful behav-
iors despite high likelihood performance. Align-
ment tuning addresses this gap by explicitly opti-
mizing models toward human-valued behaviors.

2.1 Problem Formulation

Let = denote a prompt sampled from a task dis-
tribution P, and y be a response generated by a
policy mg. We assume an oracle reward function
r*(x, y) reflecting human preferences. Alignment
tuning seeks an optimal policy 7* that maximizes
expected reward while remaining close to a refer-
ence policy mf, preventing reward hacking and
uncontrolled drift (Ji et al., 2023; Yeh et al., 2025):

7o (ylz)

, 1
Tret (1) “

maxE; , |77 (z,y) — Blog
T
where [ is the regularization coefficient controlling
the deviation from the reference model.

2.2 Optimization Algorithms

Various approaches have been proposed to solve
Eq. (1). We review three foundational methods that
represent the evolution of alignment tuning. See
Appendix A for details and additional algorithms.

Proximal Policy Optimization (PPO) (Schulman
et al., 2017) explicitly optimizes a learned reward
model trained from preference comparisons. The
policy is updated via reinforcement learning with
KL-based regularization to prevent excessive devi-
ation from the reference distribution.

Direct Preference Optimization (DPO) (Rafailov
et al., 2023) removes the explicit reward modeling
stage by directly optimizing a contrastive objec-
tive derived from the KL-regularized formulation.
The method reduces to increasing the likelihood of
preferred responses relative to dispreferred ones,
enabling efficient supervised-style optimization.
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Group Relative Policy Optimization (GRPO)
(Shao et al., 2024) extends preference optimization
to group-wise settings by normalizing responses
within each candidate set sampled from the cur-
rent policy, avoiding explicit critics and reducing
variance through group-relative baselines.

3 Understanding Alignment Tuning from
a Data-Centric Perspective

While optimization algorithms update the policy
model 7y, they do not by themselves determine the
direction or quality of alignment. Instead, from
a data-centric perspective, alignment outcomes
are governed by the design of the alignment data
pipeline, which specifies the space of candidate
behaviors, the mechanism by which they are eval-
uated, and the structure through which preference
signals are exposed to optimization.

3.1 Alignment Data as Optimization Signals

Alignment tuning relies on preference signals con-
structed through a data pipeline rather than given
a priori. We formalize how this process yields the
optimization signals driving policy updates.

Formalizing the Alignment Data Pipeline. Un-
like static pre-training corpora, alignment data
is dynamically constructed through an iterative
pipeline that couples response generation and pref-
erence assessment. We formalize the resulting
dataset D as a collection of structured training in-
stances produced by three interacting components:

D:{(w, y, s) ‘INP(I), y~S(y|x), s~€(s|m,y)}.(2)

Here, z is a prompt sampled from the task distribu-
tion P;y = {y1,...,yx} is a set of candidate re-
sponses generated by a response synthesis strategy
S, which defines the behavioral support available
for alignment; and s represents preference signals
assigned by an evaluator £, which are subsequently
structured through preference instantiation to form
training signals such as scalar scores, pairwise pref-
erences, or rankings over y.

Optimization as Margin Alignment. Alignment
algorithms optimize the policy my so that its im-
plicit preferences match the explicit signals en-
coded in the alignment dataset D. Across PPO
(Schulman et al., 2017), DPO (Rafailov et al.,
2023), and GRPO (Shao et al., 2024), this process
can be viewed as margin alignment, where opti-
mization aligns policy-induced preference margins
with observed preference signals.

Given a prompt z with candidate responses y
and preference signals s, alignment tuning aims to
adjust the policy 7g so that its implicit preferences
are consistent with the structure and magnitude
of the preference information encoded in s. This
objective can be abstractly written as:

max Ep [f(Mo(z,y,s))], (3)

where My(x,y,s) denotes an alignment measure
that quantifies how well the policy-induced implicit
preferences align with the preference signals s. The
function f transforms this alignment measure into
an optimizable objective in a way that preserves
the relative preference ordering.

Pipeline Defines Optimization Signal. Eq. (2)
and Eq. (3) together show that alignment outcomes
are determined not only by the optimization ob-
jective, but by how the alignment data pipeline
constructs its inputs. While Eq. (3) frames align-
ment as maximizing a margin-based objective
My(x,y,s), Eq. (2) specifies the response candi-
dates y, preference signals s, and relational struc-
ture on which this margin is defined. As a re-
sult, the pipeline does not merely provide data,
but shapes the space, scale, and reliability of the
preference margins available to optimization.

3.2 Overview of Alignment Data Pipeline

As the optimization signal is determined by how
alignment data is constructed, we briefly summa-
rize the structure of the alignment data pipeline.

The alignment data pipeline begins with re-
sponse synthesis (Figure 1(a)), which defines the
behavioral scope of alignment by generating candi-
date responses. The pipeline then proceeds to pref-
erence evaluation (Figure 1(b)), which assigns su-
pervisory signals to approximate latent preferences.
Finally, preference instantiation (Figure 1(c)) con-
verts evaluated judgments into optimization com-
patible training signals. Detailed discussions of
each stage and their associated design trade-offs
are provided in Sections 4-7. Additionally, we cat-
egorizes all the methods we investigated across the
three aspects in Table 3.

4 Response Synthesis Stage

This stage defines the exploration space of can-
didate responses through the synthesis strategy
S. Since alignment operates only on sampled re-
sponses y ~ S(y | x), it constrains which be-
haviors enter alignment. It involves three design
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considerations: (§4.1) response source, (§4.2) se-
lection strategy, and (§4.3) creative exploration.

4.1 Response Source

The first design choice in response synthesis is
the response source, which defines the distribu-
tional relationship between the data policy Tgata
and the learned policy my. This choice influences
how closely the supervision distribution matches
the target policy during optimization. Existing ap-
proaches follow two paradigms: offline and online,
each with inherent trade-offs.

Offline with Policy-Aware Reweighting. Offline
approaches rely on fixed, high-quality responses
from stronger models (e.g., proprietary LLMs) or
curated datasets. While cost-effective, this set-
ting induces distributional shift (Xiong et al., 2024;
Bose et al., 2025), as the policy is optimized on
responses it is unlikely to generate, resulting in bi-
ased value estimation. To mitigate this mismatch,
recent methods apply policy-aware reweighting
based on the likelihood ratio (e.g., 79 /T daa). These
methods differ mainly in reweighting granular-
ity: preference-level weighting in WPO (Zhou
et al., 2024), multi-source weighted aggregation in
WRPO (Yang et al., 2025), and token-level weight-
ing in TIS-DPO (Liu et al., 2025a).

Online with Structured Self-Improvement. On-
line approaches train directly on outputs from the
current policy 7, providing on-policy supervision
and reducing distributional mismatch. Yet, they in-
cur high computational cost from online generation
and can suffer instability due to low-quality roll-
outs. Recent work addresses these issues through
structured self-improvement. Iterative DPO (Xiong
et al., 2024) and RS-DPO (Khaki et al., 2024) sta-
bilize training via rejection-based filtering, while
self-play methods such as SPIN (Chen et al., 2024)
and SPPO (Wu et al., 2025b) cast alignment as
a zero-sum game without external oracles. Fur-
ther extensions improve efficiency through group-
relative feedback in GRPO (Shao et al., 2024) and
active exploration in SELM (Zhang et al., 2025c¢).

4.2 Selection Strategy

Another key design choice is the selection strategy,
which determines how informative responses are
selected, either post-hoc (offline) or during pool
construction (online). Existing methods differ in
how informativeness is quantified, using either mar-
gin-based or uncertainty-based criteria.

Margin-Based Selection. Margin-based selec-
tion identifies training instances with high align-
ment potential, defined as response comparisons
for the same prompt (e.g., pairs or small ranked
sets) where preferences clearly separate better from
worse behaviors. Huang et al. (2025) distinguish
explicit margins reflecting preference strength from
implicit margins induced by policy likelihood dif-
ferences, whereas BeeS (Deng et al., 2025) uses
the two margins independently to filter informa-
tive preference instances. Beyond filtering, MMPO
(Kim et al., 2024a) incorporates explicit margins
directly into the optimization objective via soft tar-
gets, enabling the model to capture graded prefer-
ence strength. Similarly, Yao et al. (2025) improve
alignment efficiency by modifying how preference
margins are integrated into the loss.

Uncertainty-Based Selection. Unlike margin-
based selection, this line of work focuses on low-
confidence regions with ambiguous preference sig-
nals. Early methods use predictive entropy or prob-
ability dispersion, while recent work adopts struc-
tured uncertainty modeling. APL (Muldrew et al.,
2024) and MAPLE (Mahmud et al., 2025) reduce
uncertainty via information gain and Bayesian se-
lection. In online settings, uncertainty acts as qual-
ity control: TUPO (Li et al., 2025c) targets am-
biguous reasoning steps via token-level uncertainty,
UPO (Wang et al., 2025a) filters unreliable samples
using reward-model uncertainty, and UDASA (Sun
et al., 2025) decomposes uncertainty into semantic,
factual, and value-alignment dimensions.

4.3 Creative Exploration

Alignment objectives often overemphasize a nar-
row set of preferred responses, concentrating prob-
ability mass and inducing mode collapse that
reduces semantic diversity and creativity (Kirk
et al., 2024; Murthy et al., 2025). To address this
mode collapse, recent methods intervene directly
in response synthesis, beyond informativeness-
driven selection. During candidate construction,
Verbalized Sampling (Zhang et al., 2025a) pro-
motes exploration by eliciting multiple plausible
responses and their likelihoods, while Spectrum
Tuning (Sorensen et al., 2025) trains on diverse
valid outputs to control stylistic variation. At the
post-hoc selection stage, DivPO (Lanchantin et al.,
2025) preserves high-quality but rare responses via
diversity-aware filtering, and Chung et al. (2025)
reweight the objective to favor unique answers. Fi-
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Figure 2: Preference evaluation axes in alignment data
pipelines, illustrating interplay among adjudicator type,
judgment granularity, and objective dimensionality.

nally, CRPO (Ismayilzada et al., 2025) explicitly
rewards novelty and surprise alongside utility.

5 Preference Evaluation Stage

Once response candidates are generated, this stage
assigns preference judgments via an adjudicator.
While early RLHF relied on human judgments, re-
cent work increasingly adopts automated adjudica-
tors to reduce cost and variability (Li et al., 2025b;
Min et al., 2025). Accordingly, prior work can
be organized along three design axes in Figure 2:
($5.1) adjudicator type, (§5.2) evaluation granular-
ity, and (§5.3) objective dimensionality.

5.1 Human to AI Adjudicator

The first axis concerns the source of preference sig-
nals. Although human evaluation was long consid-
ered the gold standard, limits the fidelity and con-
sistency of the reward signals that can be learned
(Kocmi and Federmann, 2023; Li et al., 2024).

Use of LLLM-as-a-Judge. The field has shifted to-
ward LLLM-as-a-Judge frameworks (Li et al., 2024),
which use LLMs as automated evaluators to score
candidate responses, improving scalability and re-
producibility. These frameworks vary in instanti-
ation: RLAIF (Lee et al., 2024) simply uses off-
the-shelf LLMs as automated evaluators, providing
comparison-based feedback for RL, Constitutional
Al (Bai et al., 2022) generates preference labels
through a critique-and-revise loop guided by natu-
ral language principles, and Self-Rewarding LMs
(Yuan et al., 2024) integrate judging directly into
the policy to self-assign rewards during training.

Bias Sources and Mitigation. A critical chal-
lenge in LLLM-based evaluation is intrinsic bias,
where judges’ internal priors distort evaluation out-
comes (Zheng et al., 2023). Recent work frames
this as a calibration problem and proposes targeted

algorithmic interventions. For example, Wataoka
et al. (2024) identify an echo chamber bias favor-
ing same-family models and mitigate it via cross-
family evaluation, Wang et al. (2024a) reveal ver-
bosity bias addressed through length normalization;
and Ahrabian et al. (2025) identify position bias
mitigated by permutation-based evaluation.

Collective Intelligence. Despite calibration efforts
above, single-model judgments remain unstable,
conflating prompt sensitivity and stochastic varia-
tion into a single signal. To mitigate this, Yu et al.
(2025¢) aggregate judgments from heterogeneous
LLM evaluators to average out individual noise. Hi-
erarchical approaches such as Meta-Rater (Zhuang
et al., 2025) further resolve conflicts via a meta-
judge, while interactive paradigms employ multi-
agent debate (Du et al., 2024; Chen et al., 2025a)
to iteratively refine evaluations. These collective
mechanisms improve fidelity to the oracle reward,
preventing evaluator noise from propagating into
optimization during alignment tuning.

5.2 Judgment Granularity

The second axis concerns judgment granularity
(i.e., how preference signals are formed within a
response). Early methods rely on outcome-level su-
pervision, collapsing response quality into a single
global judgment (Li et al., 2024; Liu et al., 2023).
While sufficient for short tasks, this is inadequate
for long-form and multi-step generation, where
errors and merits are unevenly distributed (Wang
et al., 2024b; Yan et al., 2025). Recent work thus
increases granularity, shifting from outcome-level
supervision to localized signals.

Step-Level Supervision. Step-level supervision
increases judgment granularity by assigning pref-
erence signals along the generation process rather
than only at the final outcome (Zheng et al., 2025;
Li et al., 2025¢). It is most effective in domains
with explicit intermediate structure, such as mathe-
matics and coding. Process reward models (PRMs)
instantiate this paradigm by evaluating intermedi-
ate states. Early PRMs relied on human annotation,
but recent ones emphasizes automated supervision.
Specifically, Math-Shepherd (Wang et al., 2024b)
estimates soft step-level labels via Monte Carlo
sampling. OmegaPRM (Luo et al., 2025) improves
efficiency by localizing the earliest erroneous step
using binary search. GenRM (Zhang et al., 2025b)
reframes verification as next-token prediction. Ver-
saPRM (Zeng et al., 2025) further extends step-
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level supervision to domains such as science.

Atomic-Level Supervision. For open-ended gen-
eration, where explicit reasoning trajectories are ill-
defined, supervision shifts from global outcomes
to atomic units (sentences, spans, or tokens) to
better localize hallucinations, stylistic errors, and
safety violations. At the sentence level, Fine-
Grained RLHF (Wu et al., 2023) provides attribute-
specific rewards, while ASPO (Wang et al., 2025b)
adaptively down-weights hallucinated sentences in
multi-modal reasoning. At finer resolution, token-
level methods directly integrate preference signals
into optimization. TDPO (Zeng et al., 2024) de-
composes the KL regularization to the token-level
for precise diversity—quality control, and TIS-DPO
(Liu et al., 2025a) applies importance sampling to
emphasize preference-critical tokens. Complemen-
tarily, ACPO (Chen et al., 2025b) improves factu-
ality by decomposing responses into atomic facts
and scoring them via intrinsic self-consistency.

5.3 Objective Dimensionality

The final axis is objective dimensionality: whether
preference signals are scalarized or preserve the
multi-dimensional structure of human values.

Alignment Tax and Reward Hacking. Standard
alignment pipelines often rely on scalarized objec-
tives, encoding preference supervision as a single
reward or binary label (Ouyang et al., 2022; Stien-
non et al., 2020). As alignment objectives become
conflicting, this scalarization obscures context-
dependent trade-offs, limiting robust generalization.
One consequence is the alignment tax, where op-
timizing a unified reward favors easily optimizable
sub-objectives over others (Lin et al., 2024), as seen
in trade-offs between helpfulness and harmlessness
(Tan et al., 2025) or completeness and conciseness
(Song et al., 2025). Another consequence is reward
hacking, where models exploit low-dimensional
shortcuts that inflate reward scores without improv-
ing true alignment (Pan et al., 2024).

Toward Multi-Dimensional Alignment. To over-
come the limitations of scalarized objectives, recent
work preserves objective dimensionality by inter-
vening at different stages of the alignment pipeline.

One line of work mitigates scalar collapse by
restructuring the candidate behavior space at the
response synthesis stage, prior to evaluation. For
example, SteerLM (Dong et al., 2023) and Help-
Steer (Wang et al., 2024d,c) condition generation
on explicit control signals that specify which value

dimension to emphasize, such as helpfulness and
safety. This design allows scalar rewards to operate
over pre-separated alignment profiles.

A complementary direction mitigates the col-
lapse at the evaluation stage by decomposing pref-
erence judgments into explicit criteria. Early meth-
ods such as Constitutional Al (Bai et al., 2022)
and Self-Align (Sun et al., 2023) encode align-
ment objectives as normative rules guiding feed-
back across multiple dimensions. More recent
rubric- and rationale-based evaluators, including
Prometheus (Kim et al., 2024b) and OpenRubrics
(Liu et al., 2025f), operationalize this idea by eval-
uating responses against explicit rubrics, making
multi-dimensional trade-offs explicit.

At the optimization stage, methods address con-
flicts by framing alignment as a multi-objective
problem. Early methods include sequential align-
ment (Lou et al., 2024), which optimizes objectives
in separate stages, and post-hoc parameter merg-
ing (Jang et al., 2023), which combines models
fine-tuned for different goals. More recent work
jointly optimizes multiple objectives during train-
ing, as exemplified by MOPO (Agnihotri et al.,
2025), PAMA (He and Maghsudi, 2025), and MO-
ODPO (Gupta et al., 2025), enabling more princi-
pled and controllable trade-offs.

6 Preference Instantiation Stage

Following preference evaluation, the pipeline pro-
ceeds to preference instantiation, the translation
layer between evaluation and optimization. This
stage converts evaluated responses into structured
training signals, determining how preference rela-
tions are exposed to the policy model. Instantiation
methods are categorized by the relational complex-
ity of feedback, ranging from (§6.1) point-wise to
(§6.2) pair-wise and (§6.3) group-wise.

6.1 Point-Wise Instantiation

Point-wise instantiation assigns an independent
scalar or binary signal to each prompt-response
pair (x,y), avoiding explicit comparisons and en-
abling simple policy training aligned with many
real-world feedback acquisition scenarios.

Regression-Based Supervision. A common ap-
proach to scalar supervision trains a separate re-
ward model to score each prompt-response pair
and optimizes the policy indirectly, as in the classi-
cal PPO family (Schulman et al., 2017; Dai et al.,
2023; Li et al., 2023). Recent work improves re-
ward fidelity to provide more reliable optimiza-
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tion signals and strengthen downstream alignment.
For example, Critic-RM (Yu et al., 2025d) uses
model-generated critiques to refine reward predic-
tion, while hybrid frameworks such as HAF-RM
(Liu et al., 2025d) incorporate token-level supervi-
sion during reward model training. In contrast,
A*PO (Brantley et al., 2025) skips the reward
model and directly trains the policy to match offline
value targets via regression.

Binary-Based Supervision. In contrast, binary-
based supervision relies on coarse yes/no feed-
back that indicates whether a response is accept-
able. KTO (Ethayarajh et al., 2024) relies solely
on binary preference signals, applying asymmet-
ric weighting to penalize undesirable outputs more
strongly than desirable ones. Later work improves
the theoretical and semantic grounding of binary
supervision: BCO (Jung et al., 2025) reframes
alignment from binary feedback as a classification
problem, showing that the binary ones are suffi-
cient to recover the same response ordering as DPO.
RLBFF (Wang et al., 2025c) improves binary su-
pervision by clarifying what a yes/no label means,
training the model to decide whether a response
meets a specific criterion (e.g., correctness, clarity)
instead of assigning an ambiguous binary label.

6.2 Pair-Wise Instantiation

While point-wise feedback is easy to obtain, it lacks
the relational structure needed for fine-grained
alignment tuning (Tripathi et al., 2025). Pair-wise
instantiation uses tuples (x, Y., y;) With y, > y;
to model the decision boundary between preferred
and dispreferred behaviors.

Contrastive Optimization. The standard approach
in this category is DPO (Rafailov et al., 2023),
which bypasses explicit reward modeling by di-
rectly optimizing the policy with a contrastive ob-
jective comparing preferred and dispreferred re-
sponses ¥, and y;. Despite its effectiveness, this
formulation has several limitations. IPO (Azar
et al., 2024) mitigates the DPO’s overfitting by re-
placing the unbounded logit-based objective with a
bounded one, while GPO (Tang et al., 2024) unifies
DPO and IPO within a generalized offline pref-
erence learning framework. In a complementary
direction, sSDPO (Kim et al., 2025) improves sta-
bility on large datasets by progressively tightening
the reference policy, and MRPO (Le et al., 2025)
extends the objective to multiple reference models
via a stabilized virtual reference distribution.

Reference-Free Optimization. While effective,
DPO-style methods rely on a reference model to
anchor preference optimization, causing overhead
and instability. To remove this dependency, recent
work derives preference signals directly from the
policy’s output distribution. SimPO (Meng et al.,
2024) removes the reference model by directly op-
timizing over the policy distribution, while ORPO
(Hong et al., 2024) adopts a reference-free formu-
lation that integrates preference contrast into super-
vised fine-tuning via an odds-ratio objective.

Margin-Aware Calibration. Another limitation
of standard pair-wise objectives is that they enforce
relative ordering without ensuring that confidence
gaps reflect preference magnitude. SLiC-HF (Zhao
et al., 2023) introduces a fixed margin via a hinge
loss to better align likelihood gaps with preference
strength. MMPO (Kim et al., 2024a) instead cali-
brates margins probabilistically using soft prefer-
ence targets, while AlphaDPO (Wu et al., 2025a)
further generalizes this approach by adapting re-
ward margins at the instance-level through implicit
reference reparameterization.

6.3 Group-Wise Instantiation

As alignment targets shift from subjective conver-
sation to objective reasoning, point- and pair-wise
feedback become bottlenecks due to their sparsity
and lack of contextual normalization. Group-wise
instantiation addresses this by optimizing the policy
over a candidate sety = {yi,...,yx}, capturing
combinatorial relationships and providing denser
signals for complex preference learning.

List-Wise Ranking Objectives. To realize this,
methods have progressed from pair-wise surro-
gate losses toward ranking objectives over candi-
date lists. RRHF (Yuan et al., 2023) aligns likeli-
hoods with preference scores by comparing mul-
tiple responses sampled per prompt, while PRO
(Song et al., 2024) recovers full rankings through
iterative best-vs-rest decomposition. Building on
learning-to-rank, LiPO (Liu et al., 2025g) applies
LambdaRank-style weighting (Burges et al., 20006)
to assign list-aware importance to preference pairs.
PPA (Zhao et al., 2025) directly optimizes a differ-
entiable NDCG objective over entire rankings.

Group-Relative Policy Optimization. Beyond ex-
plicit ranking, GRPO (Shao et al., 2024) derives
advantage signals from group-level statistics rather
than fixed preference orders. While this critic-free
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Principle

Key Insight

Pipeline Defines the
Optimization Signal

Alignment optimizes margins induced by data, not abstract preferences. Failures often stem
from weak or distorted margins in data construction rather than the loss function itself.

Coverage Precedes
Optimization

Alignment is limited to sampled behaviors. Response synthesis must prioritize exploration
and diversity to prevent brittle alignment on narrow supports.

Evaluation Fidelity Sets the
Upper Bound

Evaluator reliability (calibration, consistency) determines alignment quality. Improving
judge fidelity often yields larger gains than modifying downstream objectives.

Granularity Enables Credit
Assignment

Outcome-level supervision is insufficient for complex reasoning. Step- or token-level
granularity is required to localize errors and reduce spurious correlations.

Preserve Preference
Structure

Scalar rewards obscure relational trade-offs. Pairwise, group-wise, and list-wise
formulations better preserve the multi-dimensional structure of human preferences.

Alignment is a Closed-Loop
Design Problem

Data is policy-dependent. Effective pipelines must be adaptive, iteratively reshaping the
preference landscape as the policy improves.

Table 1: Design principles for alignment data pipelines. We distill six key principles governing response synthesis,

preference evaluation, and instantiation.

formulation reduces variance, later analyses iden-
tify estimation instability. In particular, Dr. GRPO
(Liu et al., 20251) corrects a group-normalization
bias that conflates reasoning quality with response
length. DAPO (Yu et al., 2025b) further mitigates
entropy collapse in group-wise optimization.

7 Insights and Future Directions

In this section, we discuss structural trade-offs
(§7.1) and cross-stage interactions (§7.2) in align-
ment data pipelines, distill the resulting design prin-
ciples (§7.3), and outline future challenges (§7.4).

7.1 Core Structural Trade-offs

Many limitations in alignment tuning arise not from
individual algorithms, but from structural trade-offs
inherent to alignment data pipelines.

Source Fidelity vs. Distribution Shift. Offline
supervision using high-quality proprietary models
provides a strong, reproducible starting point but
lags behind policy evolution, inducing a distribu-
tion shift as the student is evaluated on responses it
cannot naturally generate. In contrast, online super-
vision via self-play preserves on-policy fidelity but
introduces higher variance, making it prone to error
amplification when the initial policy is weak. This
choice shapes the exploration space and propagates
to evaluation and instantiation by constraining what
can be effectively judged and optimized.

Open-Loop vs. Closed-Loop Alignment. Many
alignment pipelines operate as if in an open-loop
setting, treating preference data and evaluators as
static. However, alignment is dynamic and policy-
dependent, as evolving outputs continually reshape
the data. The choice of loss influences the pol-
icy’s entropy and output distribution, constraining

future exploration. Ignoring this can lead to degen-
eracy such as reduced diversity or reward hacking,
highlighting the need for adaptive mechanisms like
response resampling and evaluator recalibration.

Evaluation Granularity vs. Complexity. Shift-
ing from outcome-level to step-level evaluation im-
proves supervision precision for complex reasoning
by providing more fine-grained signals. But, this in-
creased granularity introduces substantial labeling
complexity and raises the risk of over-optimizing
intermediate steps that are not strictly necessary for
producing the final correct answer.

Objective Dimensionality vs. Optimization Tax.
Collapsing multi-dimensional human values into
a single scalar reward simplifies the instantiation
stage but introduces an alignment tax, as impor-
tant nuances across dimensions are lost. In con-
trast, maintaining multi-objective rubrics better pre-
serves performance across diverse criteria, but sig-
nificantly complicates the optimization landscape,
making convergence slower and less stable.

7.2 Cross-Stage Interactions

Although we analyze the data pipeline as separate
stages, alignment behavior ultimately arises from
their interactions. The choice at one stage directly
shape the effective signal seen by the others, rather
than a set of independent components.

First, response synthesis constrains evaluation.
If candidate responses lack diversity or informative
contrasts, even a high-quality evaluator cannot ex-
press meaningful preference margins. Second, pref-
erence evaluation must be matched with instantia-
tion. Coarse or scalar judgments can be efficiently
instantiated but may obscure trade-offs, while fine-
grained or multi-criteria judgments require struc-
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tured instantiation to avoid signal distortion. Lastly,
preference instantiation feeds back into synthesis
in iterative or online settings by reshaping the pol-
icy’s entropy and output distribution, influencing
the diversity and difficulty of future candidates.
These interactions explain why many alignment
failures originate at the pipeline level, requiring co-
ordinated design across stages rather than isolated
improvements. Details are in Appendix B.

7.3 Pipeline Design Principles

The trade-offs and interactions motivate design
principles for alignment data pipelines. Rather than
prescribing specific algorithms, these principles
characterize how response synthesis, preference
evaluation, and preference instantiation should be
jointly designed to manage these trade-offs. Based
on our analysis of existing methods, we distill six
principles to capture effective design patterns. We
summarize the principles and their key insights in
Table 1, which serves as a unifying reference.
Beyond conceptual principles above, translat-
ing these insights into practice requires addressing
real-world constraints such as cost, latency, hard-
ware limits, and labeling budgets. To make this
survey a practical, we map alignment methods to
design scenarios shaped by resource limitations
and system-level trade-offs across three stages:
Response Synthesis. The primary function of
this stage is to define the behavioral support of
the policy. The design choice is governed by data
availability (does the data exist?) and inference
budget (can we afford to generate it?). Table 4
outlines how different constraints lead to distinct
synthesis strategies, each with inherent trade-offs
between efficiency, fidelity, and exploration.
Preference Evaluation. The primary function
of this stage is to assign preference judgments via
an adjudicator. The design choice is governed by
task complexity (how hard is it to evaluate?), la-
beling budget (can we afford high-quality judges?),
and objective dimensionality (are there conflicting
goals like safety vs. helpfulness?). Table 5 orga-
nizes these constraints into corresponding choices
of adjudicator and granularity, highlighting the
trade-offs between cost and evaluation precision.
Preference Instantiation. The primary function
of this stage is to convert evaluated responses into
structured training signals. The design choice is
governed by hardware constraints (VRAM), task
variance (instabilities in optimization), and objec-
tive dimensionality (conflicting goals). Table 6

organizes these constraints into corresponding feed-
back instantiation strategies, highlighting the trade-
offs between computational efficiency, optimiza-
tion stability, and signal expressiveness.

See Appendix C for scenario-driven pipeline con-
figurations that jointly integrate the three stages.

7.4 Future Research Directions

Several core challenges remain unsolved. We high-
light four directions for future research.

Prompt-Level Alignment. Alignment must move
beyond global preference models toward prompt-
specific criteria, as different prompts demand differ-
ent notions of quality. A key challenge is inferring
and enforcing prompt-level alignment without ex-
plicit human specification.

Alignment for Agentic Systems. As agentic sys-
tems become dominant alignment must move be-
yond individual decisions to agentic loops. In long
horizon workflows failures arise from interactions
among planning execution feedback and memory
rather than single actions. Existing methods super-
vise local outputs while leaving global behavior un-
constrained. A key challenge is defining trajectory-
level alignment objectives that enable agents to
revise or abandon plans over time.

Alignment under Evolving Objectives. Future
alignment must account for objectives that evolve
over time rather than remain fixed. In interactive
and agentic settings user intent task goals and ac-
ceptable behavior change during deployment. Cur-
rent pipelines assume static training time prefer-
ences. A key challenge is adapting alignment to
evolving objectives without destabilizing learned
behavior or inducing value drift.

Multi-Modal Alignment. As LLMs evolve into
multi-modal models, alignment must extend be-
yond text. Modalities such as video introduce in-
teracting temporal, spatial, and visual signals that
make evaluation substantially more complex. A
key challenge is designing alignment pipelines that
can robustly interpret feedback across modalities.

8 Conclusion

This survey reframes alignment tuning as a data-
centric pipeline design problem. By decomposing
alignment into response synthesis, preference eval-
uation, and preference instantiation, we show how
pipeline design governs alignment behavior. Our
analysis reveals recurring trade-offs and interac-
tions that guide future alignment pipelines.
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Limitations

This survey does not propose or empirically eval-
uate a new alignment algorithm. Instead, it reana-
lyzes existing methods through a data-centric lens
to clarify how alignment design choices are struc-
tured and interact at the pipeline level. Our goal
is not to compare or rank methods experimentally,
but to provide a coherent conceptual framework for
organizing fragmented design decisions across re-
sponse synthesis, preference evaluation, and prefer-
ence instantiation. Unified empirical comparisons
across these components are inherently difficult, as
they are tightly coupled to specific models, datasets,
scales, and evaluation protocols.

Additionally, the proposed taxonomy abstracts
implementation factors, such as model scale, com-
pute budgets, and domain constraints. While these
factors can affect alignment outcomes in practice,
they vary post-hoc across systems. By focusing
instead on pipeline design choices that precede
and constrain implementation, our analysis isolates
core alignment mechanisms at the design level, en-
abling clearer structural characterization despite
system-level variation.

Overall, the contribution of this survey lies not in
introducing a new optimization technique or bench-
mark, but in providing a coherent conceptual frame-
work that offers a holistic organization of alignment
methodologies across response synthesis, prefer-
ence evaluation, and preference instantiation, while
highlighting recurring trade-offs and interactions
across alignment data pipelines.

Use of AI Assistants

We used Al-based tools (GPT-5.2) solely to pol-
ish the clarity, grammar, and presentation of the
manuscript. All core research contributions, includ-
ing the identification of key insights, the selection
and analysis of prior work, and the organization
of the survey’s technical content, were conducted
manually by the author. Gen Al tools did not con-
tribute to the discovery, interpretation, or synthesis
of the surveyed literature.
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A Alignment Tuning Algorithms

Proximal Policy Optimization (PPO) is a repre-
sentative approach for explicitly maximizing a
learned reward under the KL-regularized objec-
tive in Eq. (1) (Schulman et al., 2017). It proceeds
in two stages. First, a reward model r4(x,y) is
trained from pairwise comparisons to approximate
oracle preferences 7*(x, y). Second, the policy 7y
is optimized with reinforcement learning to max-
imize the learned reward while staying close to a
reference policy 7yer:

mo(y | x) }

max E, , |re(x,y) — Blo
T :c,y|: ¢( y) g ﬂ_ref(y | x)

In practice, PPO performs stable policy updates
using a clipped surrogate objective,

A~
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and A(x,y) is an advantage estimate constructed
from r4(z, y) (typically with a value baseline). The
clipping term constrains the effective step size, pre-
venting large deviations from the reference distri-
bution and improving training stability.

Direct Preference Optimization (DPO) bypasses
explicit reward modeling by directly optimizing the
KL-regularized objective in Eq. (1) using prefer-
ence pairs (Rafailov et al., 2023). Given a dataset
of comparisons (z, Yy, y;) where y,, = y;, DPO
yields a classification-style objective that increases
the relative likelihood of preferred responses under
g compared to Tyef:

where pg(x,y) = is the likelihood ratio

Lpro(0) = —Ey,m) [
g o{ 3 tog 412 —10g 221 )],

where o (+) is the logistic sigmoid. This objective
can be interpreted as implicitly fitting a reward
via the log-likelihood ratio log wizf(é/zlfx))’ thereby
achieving preference optimization without training
a separate reward model.

Group Relative Policy Optimization (GRPO)
shifts from pairwise comparisons to group-wise
optimization by normalizing candidates sampled
from the current policy (Shao et al., 2024). For
each prompt z, GRPO samples a set of responses

“

{y;}¥_, ~ my(- | ) and computes a group-relative
baseline (e.g., the mean score):

|

1 k
@) = 1 (o)
i=1

where r(x,y) is a scoring function (often derived
from verification) used to rank candidates. The
policy is then updated to increase the probability
of responses that outperform the group baseline:

Ier%szEyN,re(.|z) [(r(z,y)—7(x)) log m(y | x)].

By using group-relative normalization, GRPO re-
duces variance and avoids the need for an explicit
critic, value networks.

Other Algorithms. Building on these founda-
tional approaches, the alignment literature has ex-
panded into several related families that explore
alternative design choices and practical trade-offs.

Methods in the PPO lineage continue to empha-
size training stability and sample efficiency un-
der explicit reward maximization, with extensions
such as Safe-RLHF (Dai et al., 2023) incorporat-
ing safety-aware constraints and ReMax (Li et al.,
2023) removing the need for an explicit critic.

The DPO family investigates simplifications of
preference optimization under different supervision
assumptions: SimPO (Meng et al., 2024) elimi-
nates the reference policy to reduce computational
overhead, while KTO (Ethayarajh et al., 2024) re-
laxes the dependence on paired preference data by
leveraging binary feedback.

Finally, the GRPO family generalizes preference
optimization to group-wise settings. DAPO (Yu
et al., 2025b) mitigates entropy collapse through
decoupled clipping, whereas Dr. GRPO (Liu et al.,
2025i) improves computational efficiency by re-
moving biased normalization terms.

B Discussion on Cross-Stage Interaction

Although we categorize alignment tuning into three
distinct stages, namely response synthesis, pref-
erence evaluation, and preference instantiation,
alignment outcomes are ultimately determined by
the tight coupling and interactions between these
stages. As in Sections 46, the output of one stage
serves as the rigid input constraint for the next, and
in iterative settings, the optimization outcome feeds
back into the data generation process. This section
details the three critical interaction pathways that
define the efficacy of the alignment pipeline.
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Scenario / Constraints

Response Synthesis

Preference Evaluation

Preference Instantiation

Rationale & Methods

Resource-Constrained
(Low Budget, General
Chat)

Offline

Use existing off-policy
datasets

(e.g., UltraFeedback).

Heuristic / None

Rely on pre-annotated la-
bels;

avoid re-labeling.

Pair-wise (Ref-free)
No separate Reward
Model to save VRAM.

Why: Maximizes memory
efficiency by removing reference
model loading.

Methods: SimPO, ORPO.

Complex Reasoning
(Math, Coding, Logic)

Online (Sample)
Generate multiple roll-
outs per prompt

(N > 1).

Step-level / Verifiable
Use compilers or
ground-truth checkers.

Group-wise
Normalize rewards
within a group.

Why: Group-relative signals reduce
variance; step-level supervision local-
izes logic errors.

Methods: GRPO, Process Rewards.

Open-Ended Creativity
(Storytelling, Roleplay)

Offline + Creativity
High-temp sampling or di-
versity constraints.

LLM-as-a-Judge
Use strong models
(e.g., GPT-4) to rank.

List-wise / Pair-wise
Capture nuances
beyond binary good/bad.

Why: List-wise ranking preserves di-
versity better than scalar regression;
avoids mode collapse.

Methods: LiPO, DivPO.

Strict Compliance
(Safety, Harmlessness)

Offline (Targeted)
Curate red-teaming
prompts.

Multi-Criteria
Separate signals for
Helpfulness & Safety.

Multi-Objective
Optimize utility
s.t. safety constraints.

Why: Scalarizing conflicting objec-
tives leads to jailbreaks; constrained
optimization enforces boundaries.
Methods: Safe-RLHF, MOPO.

Data-Poor / Cold Start
(New Domain Adapta-
tion)

Online (Iterative)
Self-play from current
policy.

LLM-as-a-Judge
Use generic strong LLM
to label on-policy data.

Iterative Pair-wise
Re-train on batches of self-
generated data.

Why: Bridges distribution shift;
model learns from its own winning
responses.

Methods: SPPO, Iterative DPO.

Table 2: Recommended alignment pipeline configurations based on resource and task constraints. We map common
deployment scenarios to the most effective combination of pipeline components (response synthesis, evaluation, and

instantiation) as discussed in the main text.

B.1 Response Synthesis Constrains
Preference Evaluation

The quality of the preference signal is fundamen-
tally bounded by the behavioral support generated
during the response synthesis stage. No matter how
sophisticated an adjudicator (in preference evalua-
tion stage) is, it cannot extract meaningful signals
from a non-informative candidate set.

Informativeness and Selection Efficiency: The
synthesis stage must prioritize generating "informa-
tive" candidates that provide high learning value. If
the synthesis strategy produces only trivial compar-
isons (e.g., a perfect response versus a nonsensical
one) or ambiguous pairs with negligible quality
differences, the evaluator cannot extract a strong
gradient signal. Consequently, even a ground-truth
evaluator becomes ineffective if the candidate set
lacks the margins required to distinguish better be-
haviors from worse ones.

Diversity and Contrastive Information: Align-
ment tuning relies on contrast. If the synthesis
strategy suffers from mode collapse or lacks explo-
ration (as discussed in Section 4.3), the candidate
set will consist of semantically identical responses.
In this scenario, even a human expert or a strong
LLM-as-a-Judge cannot assign a meaningful prefer-
ence margin, leading to vanishing gradients during
optimization.

Distributional Shift and Evaluator Reliability:
The reliability of evaluation depends on how the
responses are generated. If synthesized responses
come from a distribution that differs substantially

from the data used to calibrate the evaluator, the
evaluator’s confidence estimates can become mis-
aligned. As a result, noisy or misleading scores
may be injected into the optimization signal.

B.2 Preference Evaluation Dictates
Instantiation Capabilities

The granularity and dimensionality of the judg-
ments produced in the preference evaluation stage
determine the upper bound of what can be modeled
in the instantiation stage. A mismatch here often
leads to information loss or signal distortion.

Granularity Mismatch: If the evaluation stage
only provides outcome-level binary labels, attempt-
ing to use token-level or step-level instantiation
methods (e.g., TIS-DPO or ACPO) is ill-posed
without additional approximations. Conversely, if
detailed step-level critiques are available but the
instantiation method aggregates them into a sin-
gle scalar reward, the dense supervision signal is
compressed, losing the ability to penalize specific
reasoning errors.

Dimensionality and Alignment Tax: When eval-
uation captures multi-dimensional trade-offs (e.g.,
helpfulness vs. safety), but the instantiation layer
collapses these into a single scalarized value, it
forces the policy to optimize a fixed trade-off. This
often results in the "alignment tax," where improve-
ments in one dimension inadvertently degrade per-
formance in another due to the inability of the
scalar loss to represent the Pareto frontier.
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B.3 Preference Instantiation Reshapes Future
Response Synthesis

In iterative or online alignment settings, the
pipeline operates as a closed loop. The choice of
loss function in the preference instantiation stage
directly impacts the policy model’s entropy, which
in turn defines the search space for the next round
of response synthesis.

Mode Collapse and Exploration: Contrastive ob-
jectives like DPO effectively increase the likeli-
hood of preferred responses but can rapidly re-
duce the entropy of the policy. If the instantiation
stage enforces margins too aggressively, the up-
dated policy model may lose the diversity required
for effective exploration in the subsequent synthe-
sis step. This creates a degenerate cycle where
the model stops generating novel negatives, starv-
ing the pipeline of the informative data needed for
further improvement.

Reward Hacking Dynamics: If the instantiation
mechanism has exploitable shortcuts, the policy
will learn to maximize the score without improving
true quality. Over time, it produces responses that
look good according to the reward but are actually
poor. This makes evaluation increasingly difficult
and often requires the evaluator to be updated or
recalibrated.

C Practical Guidelines for Alignment
Pipeline Design

While the main body of this survey systematizes the
design space of alignment tuning along response
synthesis, preference evaluation, and instantiation,
practitioners often face a more immediate question:
"which pipeline configuration should be selected
under concrete operational constraints?" To bridge
this gap between conceptual taxonomy and real-
world deployment, we provide practical guidelines
for alignment pipeline design based on three gov-
erning factors: data availability, task complexity,
and computational budget.

Table 2 summarizes recommended pipeline con-
figurations for common deployment scenarios.
This section explicates the rationale behind each
recommendation, clarifying how different pipeline
components should be combined in practice.

C.1 Decision Factors

Alignment pipeline design is primarily constrained
by three factors: data availability, task complexity,

and computational budget. These factors directly
shape feasible choices across response synthesis,
preference evaluation, and instantiation.

Data Availability. The availability and reliabil-
ity of supervision signals constrain pipeline design.
When large-scale, high-quality preference data ex-
ists, offline alignment using pre-collected datasets
is often sufficient and cost-effective. In contrast,
data-poor or cold-start settings require on-policy
data generation and iterative self-improvement, as
the model must construct its own supervision sig-
nals to overcome distribution shift.

Task Complexity. Task structure determines the
appropriate evaluation granularity. Tasks with ex-
plicit correctness criteria, such as mathematics, cod-
ing, or formal logic, benefit from trajectory-level or
verifiable supervision that localizes errors within
intermediate steps. Conversely, open-ended tasks
lack objective ground-truth and require compara-
tive judgments that preserve diversity and relative
quality rather than absolute correctness.

Computational Budget. Compute and memory
constraints strongly influence feasible pipeline
components. Under limited budgets, pipelines that
avoid auxiliary models and online sampling are pre-
ferred. When sufficient compute is available, richer
evaluation signals and multi-rollout sampling can
significantly improve alignment stability and sam-
ple efficiency.

C.2 Scenario-Specific Design Rationale

We next explain the design rationale behind each
scenario listed in Table 1, clarifying why particular
combinations of synthesis, evaluation, and instanti-
ation are well suited to each setting.

Resource-Constrained Setup. In low-budget
general chat settings, offline response synthesis us-
ing existing off-policy datasets minimizes data col-
lection cost while maintaining reasonable coverage
of user behaviors. Heuristic or pre-annotated pref-
erence evaluation avoids repeated labeling, while
reference-free pair-wise instantiation removes the
need for a separate reward or reference model. This
configuration maximizes memory efficiency and
supports stable alignment under strict constraints.

Complex Reasoning Tasks. For tasks involving
structured reasoning, multiple rollouts per prompt
are necessary to expose alternative solution trajec-
tories. Trajectory-level or verifier-based evaluation,
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such as compilers or ground-truth checkers, pro-
vides precise supervision by identifying where rea-
soning succeeds or fails. Group-wise instantiation
normalizes rewards within a cohort of candidates,
reducing variance and stabilizing optimization as
reasoning difficulty varies across samples.

Open-Ended Creative Generation. Creative
tasks such as storytelling or roleplay lack objec-
tive correctness and are sensitive to mode collapse.
High-temperature or diversity-constrained synthe-
sis encourages stylistic variation, while LLM-as-
a-Judge evaluation provides relative quality judg-
ments beyond binary acceptability. List-wise or
pair-wise instantiation preserves nuanced prefer-
ences among candidates, maintaining diversity
more effectively than scalar objectives.

Strict Compliance and Safety Alignment.
Safety-critical deployment requires disentangling
competing objectives such as helpfulness and harm-
lessness. Targeted offline synthesis using red-
teaming prompts focuses supervision on failure
modes. Multi-criteria evaluation separates safety
and utility signals, while multi-objective instantia-
tion enforces explicit safety boundaries that scalar
objectives often fail to maintain.

Data-Poor and Cold-Start Adaptation. In new
domains where external supervision is scarce, itera-
tive online alignment becomes essential. Self-play
from the current policy generates on-policy data,
which is labeled using a general-purpose strong
LLM as a judge. Iterative pair-wise instantiation
allows the model to repeatedly learn from its own
highest-quality outputs, gradually bridging distri-
bution shift and accelerating adaptation.

C.3 Takeaway

Across scenarios, the key insight is that effective
alignment is not determined by a single algorithmic
choice, but by the coherent co-design of synthesis,
evaluation, and instantiation under practical con-
straints. Table 1 should therefore be read not as
a prescriptive checklist, but as a set of principled
templates that can be adapted to the specific op-
erational realities of a given deployment. While
these principles are not universally optimal in all
settings, they provide a coarse yet informative ab-
straction of recurring design trade-offs observed
across alignment pipelines.

2559



Response Synthesis Preference Evaluation Preference
Methodology Response Source  Selection Strategy  Creative Exploration | Judgement Granularity ~Object Dimensionality | Instantiation
WPO Offline Random None Outcome-level Single-dim Point-wise
WRPO Offline Random None Outcome-level Single-dim Point-wise
TIS-DPO Offline Random None Atomic-level Single-dim Pair-wise
Iterative DPO Online Random None Outcome-level Single-dim Pair-wise
RS-DPO Online Margin-based None Outcome-level Single-dim Pair-wise
SPIN Online Random None Outcome-level Single-dim Pair-wise
SPPO Online Random None Outcome-level Single-dim Group-wise
GRPO Online Random None Outcome-level Single-dim Group-wise
SELM Online Random None Outcome-level Single-dim Pair-wise
BeeS Offline Margin-based None Outcome-level Single-dim Pair-wise
MMPO Offline Margin-based None Outcome-level Single-dim Pair-wise
AlphaDPO Offline Margin-based None Outcome-level Single-dim Pair-wise
APL Online Uncertainty-based None Outcome-level Single-dim Pair-wise
MAPLE Online Uncertainty-based None Outcome-level Single-dim Pair-wise
IUPO Online Uncertainty-based None Step-level Single-dim Pair-wise
UPO Online Uncertainty-based None Outcome-level Single-dim Pair-wise
UDASA Online Uncertainty-based None Outcome-level Multi-dim Pair-wise
Verbalized Sampling Online Random Verbalized Sampling Outcome-level Single-dim Pair-wise
Spectrum Tuning Offline Random Explicit Spanning Outcome-level Single-dim Point-wise
DivPO Online Margin-based Diversity Penalty Outcome-level Single-dim Pair-wise
CRPO Online Random Multi-signal Outcome-level Multi-dim Pair-wise
Meta-Rater Offline Random None Outcome-level Multi-dim Point-wise
OmegaPRM Offline Random None Step-level Single-dim Point-wise
GenRM Offline Random None Step-level Single-dim Point-wise
VersaPRM Offline Random None Step-level Single-dim Point-wise
Math-Shepherd Offline Random None Step-level Single-dim Point-wise
ASPO Offline Random None Atomic-level Single-dim Pair-wise
TDPO Offline Random None Atomic-level Single-dim Pair-wise
SteerLM Offline Random None Outcome-level Multi-dim Point-wise
HelpSteer Offline Random None Outcome-level Multi-dim Point-wise
Prometheus Offline Random None Outcome-level Multi-dim Point-wise
PPO Online Random None Outcome-level Single-dim Point-wise
KTO Offline Random None Outcome-level Single-dim Point-wise
DPO Offline Random None Outcome-level Single-dim Pair-wise
SimPO Offline Random None Outcome-level Single-dim Pair-wise
ORPO Offline Random None Outcome-level Single-dim Pair-wise
1PO Offline Random None Outcome-level Single-dim Pair-wise
RRHF Offline Random None Outcome-level Single-dim Group-wise
PRO Offline Random None Outcome-level Single-dim Group-wise
LiPO Offline Random None Outcome-level Single-dim Group-wise
PPA Offline Random None Outcome-level Single-dim Group-wise

Table 3: Categorization of alignment tuning methods across three data pipeline stages.
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Constraint / Scenario Recommended Strategy Design Rationale & Trade-offs Relevant Methods
Low Inference Budget Offline Synthesis Rationale: Uses existing static datasets to save compute. WPO, WRPO,
(Cannot afford online generation) (Policy-Aware Reweighting) Trade-off: Risk of distribution shift (off-policy); requires TIS-DPO
reweighting to correct bias.
New Domain / Cold Start Online Synthesis Rationale: Essential when no in-domain data exists; the SPIN, SPPO,
(No existing preference data) (Iterative Self-Play) model generates its own training data to bridge distribution Iterative DPO,
shift. SELM
Trade-off: High training latency due to iterative generation
steps.
Mode Collapse / Repetitive Outputs  Creative Exploration Rationale: Standard sampling narrows the search space; Verbalized
(Lack of diversity) (Verbalized / Diversity explicit exploration preserves behavioral diversity. Sampling,
Sampling) Spectrum Tuning,
DivPO, CRPO
Table 4: Response synthesis strategies under real-world constraints.
Constraint / Scenario Recommended Adjudicator & Design Rationale & Trade-offs Relevant Methods

Granularity

Low Labeling Budget
(Cannot afford Human/API judges)

Weak Model
(Outcome-Level)

Rationale: Cost-effective for simple, general tasks.
Trade-off: Noisy signals; often requires aggregation or
collective intelligence to be reliable.

Meta-Rater, RLAIF

High Task Complexity Verifiers Rationale: Outcome-level labels fail to localize logic errors; Math-Shepherd,

(Multi-step reasoning tasks) (Step-Level) step-level signals are required for precise credit assignment. OmegaPRM,
Trade-off: Requires domain-specific verifiers or ground-truth ~ VersaPRM,
checkers. GenRM

Conflicting Objectives Multi-Criteria Rubric Rationale: A single scalar score obscures trade-offs; explicit ~ Prometheus,

(e.g., Safety vs. Utility) (Multi-Dimensional) dimension separation is required to manage competing goals. ~ HelpSteer,

OpenRubrics
Table 5: Preference evaluation strategies under real-world constraints.

Constraint / Scenario Feedback Instantiation Design Rationale & Trade-offs Relevant Methods

Strict Hardware Constraints Pair-wise Rationale: Removes the memory bottleneck and DPO, SimPO,

(Low VRAM) (Reference-Free) computational overhead of loading a frozen reference model. ORPO

High Task Variance Group-wise Rationale: Normalizing rewards across a group of sampled GRPO, LiPO, Dr.
candidates (N > 2) stabilizes gradients and reduces GRPO, DAPO
variance compared to pairwise contrasts.

Conflicting Objectives Multi-Objective Rationale: Optimizes multiple objectives jointly to model the =~ MOPO, PAMA,
Pareto frontier directly, rather than collapsing MO-DPO

multi-dimensional trade-offs into a single scalar reward.

Table 6: Preference instantiation strategies under real-world constraints.
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