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Abstract

Direct Preference Optimization (DPO) has be-
come a standard approach for aligning large
language models with human preferences, yet
existing methods treat all preference pairs uni-
formly during training. We identify two distinct
sources of learning difficulty: Input Complex-
ity (IC), capturing prompt understanding chal-
lenges, and Output Ambiguity (OA), measuring
preference discrimination difficulty. Through
systematic analysis, we demonstrate that these
dimensions induce asymmetric learning dy-
namics, with IC-related competencies develop-
ing rapidly in early training while OA-related
competencies emerge more gradually. Build-
ing on this observation, we propose DECOPO,
a training framework that maintains separate,
adaptive pacing schedules for each dimension.
Experiments on UltraFeedback show that DE-
COPO achieves 42.3% length-controlled win
rate on AlpacaEval 2.0 and 7.66 on MT-Bench,
outperforming curriculum baselines by 2.1%
and 0.21 points respectively, while matching
full-data baseline performance with only 75%
of training samples.

1 Introduction

Large language models aligned through Direct Pref-
erence Optimization (DPO) have achieved impres-
sive results across diverse tasks (Rafailov et al.,
2023; Tunstall et al., 2024; Ivison et al., 2023).
Given a prompt and a pair of responses labeled as
preferred and rejected, DPO directly optimizes the
policy to favor the preferred response without train-
ing a separate reward model. Despite its empirical
success, a fundamental aspect of DPO training re-
mains underexplored: not all preference pairs are
equally informative, and the sources of learning
difficulty vary across samples.

Consider two preference pairs. In the first, a
user asks a multi-step reasoning question; the pre-
ferred response correctly chains the logic while the
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rejected response makes an obvious error. In the
second, a user asks a simple factual question; both
responses are largely correct, but the preferred one
is slightly more concise. These two cases present
qualitatively different challenges. The first requires
the model to understand a complex prompt before
it can even assess response quality. The second re-
quires fine-grained discrimination between similar
outputs. Current DPO implementations make no
distinction between these cases, processing them
with identical learning schedules (Bai et al., 2022;
Stiennon et al., 2020).

This uniform treatment stands in contrast to how
difficulty is handled in other machine learning con-
texts. Curriculum learning has demonstrated that
strategic data organization improves convergence
across various domains (Bengio et al., 2009; Ku-
mar et al., 2010; Xu et al., 2020). Data selection
methods have shown that filtering preference data
by quality metrics improves alignment (Deng et al.,
2025; Gao et al., 2025), and recent work on training
dynamics reveals that different samples influence
model behavior through distinct mechanisms (Ren
and Sutherland, 2025; Paul et al., 2021; Zhou et al.,
2023). Yet these insights have not been systemati-
cally applied to understand what makes individual
preference pairs difficult and how different diffi-
culty sources interact during training.

We hypothesize that alignment difficulty can
be meaningfully decomposed along two axes: IC,
which captures how challenging it is to understand
and represent the prompt, and OA, which mea-
sures how subtle the preference signal is between
response pairs. This decomposition reflects a natu-
ral partition of the information flow in preference
learning: one component concerns the input side
(prompt understanding), and the other concerns the
output side (response comparison). These two di-
mensions capture substantial variation in sample
difficulty and enable principled training strategies.

To validate this hypothesis, we conduct gradient
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flow and Hessian analyses on the UltraFeedback
dataset, revealing that IC and OA affect distinct
model layers and exhibit sharply different conver-
gence rates. Based on this finding, we propose DE-
COPO (Decoupled Pacing Optimization), a train-
ing framework that maintains two independent,
mastery-based pacing schedules for IC and OA
respectively. At each epoch, DECOPO evaluates
dimension-specific mastery on held-out subsets and
expands the active training region accordingly, al-
lowing the model to build prompt understanding
before tackling subtle preference distinctions.

Extensive experiments show that DECOPO
achieves state-of-the-art results on AlpacaEval 2.0
(42.3% LC win rate) and MT-Bench (7.66) while
significantly improving reasoning and coding ca-
pabilities. Our method matches full-data base-
line performance using only 75% of training sam-
ples and demonstrates superior robustness to label
noise. Furthermore, analysis reveals a natural two-
phase learning trajectory where the model priori-
tizes prompt understanding before shifting focus
to preference discrimination. Our contributions are
summarized as follows:

* We identify IC and OA as distinct factors char-
acterizing sample difficulty and provide em-
pirical evidence that they induce asymmetric
learning dynamics.

* We propose DECOPO, a principled frame-
work that operationalizes this insight through
independent, mastery-based pacing for each
dimension.

* We demonstrate that DECOPO achieves su-
perior performance, data efficiency, and noise
robustness across multiple model families and
datasets.

2 Related Work

Preference-Based Alignment. Aligning lan-
guage models with human preferences has evolved
from multi-stage RLHF pipelines (Christiano et al.,
2017; Ouyang et al., 2022; Stiennon et al., 2020)
to more streamlined approaches. DPO (Rafailov
et al., 2023) reformulates preference learning as a
classification problem, enabling direct policy opti-
mization without explicit reward modeling. Sub-
sequent extensions address the reference model
(Meng et al., 2024; Hong et al., 2024), loss formu-
lation (Ethayarajh et al., 2024; Azar et al., 2024),

listwise generalization (Liu et al., 2025), and meta-
learned preference fusion (Li et al., 2026). These
methods focus on improving the optimization ob-
jective, while our work addresses the orthogonal
question of how training data should be organized
temporally.

Data Selection for Alignment. The importance
of data quality in preference alignment has received
increasing attention. Recent studies show that
margin-based filtering (Deng et al., 2025), remov-
ing overly difficult examples (Gao et al., 2025),
and careful subset selection (Zhou et al., 2023) can
match or exceed full-data performance. Morimura
et al. (2024) integrate reward models to filter sam-
ples online, and active learning approaches (Mul-
drew et al., 2024) dynamically select informative
samples. These approaches address which data to
use, whereas our work addresses when to use differ-
ent types of data during training. The two perspec-
tives are complementary: data selection identifies
valuable samples, while our approach determines
optimal presentation order.

Curriculum Learning. Curriculum learning
(Bengio et al., 2009) and self-paced learning (Ku-
mar et al., 2010) demonstrate that strategic data
ordering improves convergence, with extensions
to joint paradigms (Jiang et al., 2015) and cycli-
cal schedules (Kesgin and Amasyali, 2023). For
language models specifically, competence-based
approaches in machine translation (Platanios et al.,
2019; Zhang et al., 2019) and curriculum meth-
ods for NLU (Xu et al., 2020; Sachan and Xing,
2016) show consistent benefits. Teacher-student
frameworks (Matiisen et al., 2019) enable auto-
matic curriculum discovery. Most relevant to our
work, Pattnaik et al. (2024) apply curriculum learn-
ing to DPO by ordering samples based on response
distinguishability scores. However, this approach
treats difficulty as one-dimensional, focusing only
on the output side. While Li and Zhao (2026) intro-
duce difficulty-aware modeling for learning curves,
the multi-dimensional nature of alignment diffi-
culty remains unaddressed. Our analysis reveals
that input-side and output-side challenges are dis-
tinct and require separate treatment, motivating our
decoupled pacing framework.

Training Dynamics Analysis. Recent work has
made progress in understanding how LLMs evolve
during fine-tuning. Ren and Sutherland (2025) pro-
pose a learning dynamics framework that decom-
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poses how training samples influence model pre-
dictions, explaining phenomena like the squeezing
effect in DPO. Loss landscape analysis (Springer
et al., 2025) reveals that fine-tuning operates within
basin-like stability regions. Data diet studies (Paul
et al., 2021; Li et al., 2025) show that identify-
ing important examples early in training can sub-
stantially improve efficiency. These analyses pro-
vide theoretical grounding for understanding why
different samples may require different treatment,
supporting our empirical finding that IC and OA
samples influence distinct model components.

3 Understanding Alignment Difficulty

This section presents our analysis of what makes
preference alignment difficult. We begin by for-
malizing Input Complexity and Output Ambiguity,
then provide empirical evidence for their asymmet-
ric learning dynamics, and conclude with gradient-
based analysis that reveals the underlying mecha-
nism.

3.1 Characterizing Sample Difficulty

We propose that the difficulty of learning from a
preference triple (x, y.,y;) can be characterized
along two axes: the complexity of understanding
the input prompt and the ambiguity of discriminat-
ing between output responses.

Input Complexity (IC). Input Complexity quan-
tifies the semantic, reasoning, and linguistic chal-
lenges posed by a prompt z, independent of any
specific response pair. To our knowledge, this is
the first formalization of input-side difficulty for
preference alignment that is decoupled from the
specific response pair. Our formulation is moti-
vated by the observation that complex prompts
elicit more diverse and uncertain response distribu-
tions: a prompt that is difficult to understand will
lead to inconsistent responses, as the model lacks a
stable representation of what is being asked.
Formally, given a reference policy s (typically
the supervised fine-tuned model), we sample N
candidate responses via temperature sampling:
y D~ Tee(z), i=1,...,N (1)
For each sampled response, we compute its per-
plexity using a fixed external language model ppm:

PPL(y|z) = exp (— = K, log pra(yf 2, 5%))
@)

where L; denotes the length of response 3(V). We
then define Input Complexity as the variability of
these perplexity scores:

IC(z) = StdDev,_1 . [PPL(y(%)} 3)

Higher IC values indicate greater response vari-
ability, signaling that the prompt requires sophisti-
cated understanding to address consistently.

To validate that IC captures meaningful diffi-
culty rather than merely open-endedness, we con-
ducted a human annotation study on 300 Ultra-
Feedback samples. Three annotators rated each
prompt on domain knowledge, reasoning depth,
and instruction-following precision (inter-annotator
agreement £ = 0.71). The Spearman correla-
tion between IC and average human-rated diffi-
culty is p = 0.58 (p < 0.001), substantially above
prompt length (p = 0.21) and vocabulary com-
plexity (p = 0.29). We further categorized all
60K prompts into Reasoning/Code (n = 8,420),
Creative Writing (n = 6,180), and Factual/Simple
(n = 11,350) via GPT-4 classification. Mean IC
values are 12.8, 9.7, and 5.3 respectively. While
creative prompts show elevated IC, reasoning and
coding prompts exhibit the highest IC on average,
confirming that IC reflects a meaningful spectrum
of prompt difficulty. From a training dynamics
perspective, both reasoning complexity and cre-
ative open-endedness cause high-variance internal
representations in early training, and the Hessian
analysis (Table 1) confirms similar curvature pro-
files for both cases. Therefore, regardless of the
specific source, the curriculum implication remains
the same: such prompts benefit from gradual intro-
duction after the model has built stable representa-
tions.

Output Ambiguity (OA). While IC captures
input-side challenges, Output Ambiguity measures
the subtlety of preference between chosen response
1w and rejected response y; for a given prompt x.
We leverage an external judge model (e.g., GPT-4)
to assign quality scores Sjudge (¥|*), and define:

1
OA(Yw, uilx) =
(Yw> ] T) | Sjudge (Yw|T) — Sjudee (yi1|)| _'EI

where € is a small constant for numerical stability.
Higher OA indicates greater ambiguity (smaller
quality gap between responses).

The IC-OA Difficulty Space. For each prefer-
ence sample in dataset D, we compute its IC and
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OA values. To create a structured representation,
we discretize each dimension into quantile-based
bins: K bins for IC and M bins for OA. Each
sample is assigned ranks £ € {1,...,K} and
m € {1,..., M}, where lower ranks indicate eas-
ier samples. This yields a K x M difficulty grid,
with each cell Cy, ,,, containing samples of compa-
rable difficulty profile.

3.2 Empirical Evidence for Asymmetric
Dynamics

Having formalized our difficulty characterization,
we investigate whether IC and OA truly exhibit
independent and asymmetric effects on learning.

Experimental Setup. We train four strategies on
the UltraFeedback dataset (Cui et al., 2024) us-
ing Zephyr-7B-SFT (Tunstall et al., 2024) as ini-
tialization: (1) IC-First, which progresses from
simple to complex prompts regardless of OA; (2)
OA-First, which orders by increasing output ambi-
guity regardless of IC; (3) Diagonal, which jointly
orders by k£ + m as a natural baseline representing
coupled difficulty progression; and (4) Random,
which samples uniformly. All strategies use three
equal-duration stages.

Asymmetric Performance Patterns. Figure la
presents a stratified analysis of final model perfor-
mance across the IC-OA grid. We compute win
rates against the SFT baseline for each difficulty
cell and compare IC-First versus OA-First strate-
gies. The results reveal striking asymmetries: in
high-IC regions (bottom row of the grid), IC-First
achieves substantially higher win rates, with ad-
vantages reaching +8.2%. Conversely, in high-OA
regions (leftmost column), OA-First demonstrates
clear superiority, outperforming IC-First by up to
4.8%.

This pattern has important implications: no
single-dimensional ordering can be universally op-
timal. The relative effectiveness of IC-First versus
OA-First depends critically on the difficulty profile
of test samples.

Divergent Learning Trajectories. To under-
stand the dynamics underlying these performance
asymmetries, we track validation loss throughout
training for different difficulty regions. Figure 1b
plots loss curves for high-IC and high-OA sample
subsets under IC-First and OA-First strategies.
For high-IC samples, IC-First exhibits rapid ini-
tial loss reduction followed by persistent oscilla-

tions. This suggests that early focus on prompt
understanding enables quick progress, but volatile
later-stage behavior indicates difficulties in fine-
tuning preference discrimination without adequate
OA-focused training. In contrast, OA-First on the
same samples shows slower initial descent but even-
tually achieves more stable convergence.

The pattern reverses for high-OA samples. Here,
OA-First demonstrates steady, monotonic improve-
ment, while IC-First shows initial strength followed
by stagnation. These divergent trajectories pro-
vide mechanistic insight: IC and OA dimensions
progress at fundamentally different rates, and forc-
ing them to advance in lockstep creates suboptimal
compromises.

3.3 Gradient Flow Analysis

To deepen our understanding of the mechanisms
underlying asymmetric dynamics, we analyze how
IC and OA samples influence different parts of the
model.

Layer-wise Gradient Distribution. We partition
model parameters into two groups: early layers
(layers 1-16, primarily responsible for input repre-
sentation) and late layers (layers 17-32, primarily
responsible for generation and preference discrimi-
nation). This partition follows prior work on repre-
sentation formation in decoder-only transformers
(Ren and Sutherland, 2025), and sensitivity checks
with 40%/60% and 60%/40% splits yield reqy val-
ues within £0.03, confirming robustness to the
boundary choice. For each training sample, we
compute the gradient VyLppo and measure the
fraction concentrated in early layers:

||Pr0jearly(v9£>||
IVoL]|

Tearly = ®)

Figure 1c shows the average 7e,y across IC-
OA regions. High-IC samples exhibit substantially
larger early-layer gradient contributions (0.62—
0.68), indicating that learning from these samples
primarily updates prompt understanding mecha-
nisms. When IC is controlled at low levels, high-
OA samples direct gradients predominantly to late
layers (reaty = 0.32-0.35). When IC is high, it
dominates gradient distribution regardless of OA
level (Teary > 0.65). A two-way ANOVA on reyy
values confirms this pattern: IC accounts for 72.3%
of the variance (F' = 48.7, p < 0.001), OA for
8.1% (F = 5.5, p < 0.01), and the interaction for
4.2%.
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Figure 1: Empirical evidence for asymmetric learning dynamics. (a) Win rate differences (IC-First minus OA-First)
across the IC-OA grid. (b) Validation loss trajectories for high-IC and high-OA subsets under different strategies.
(c) Early-layer gradient ratio ey across IC-OA regions; IC dominates gradient distribution regardless of OA level.

Region Condition Number Spectral Norm
Low-IC, Low-OA 42.3+5.1 0.83 £ 0.07
High-IC, Low-OA 78.6 + 8.2 1.42+0.12
Low-IC, High-OA 51.24+6.3 0.91 +0.08
High-IC, High-OA 89.4+9.7 1.58 £0.15

Table 1: Hessian eigenspectrum analysis.

This corrected characterization actually sharpens
our core argument. IC’s dominance in gradient dis-
tribution provides the mechanistic explanation for
why DECOPO’s emergent trajectory (Figure 3a)
prioritizes IC mastery first: the model must resolve
input-side challenges before OA signals can mean-
ingfully influence late-layer parameters.

Hessian Eigenspectrum Analysis. To further
characterize the optimization landscape, we com-
pute the Hessian eigenspectrum for sample subsets
stratified by IC and OA. We approximate the top
eigenvalues using the Lanczos algorithm on mini-
batches from each difficulty region.

Table 1 reports the condition number and spec-
tral norm for different regions. High-IC samples
exhibit larger condition numbers (indicating more
ill-conditioned optimization) and higher spectral
norms (indicating sharper curvature). This sug-
gests that IC-focused learning requires more cau-
tious progression to avoid instability. High-OA
samples show relatively flatter landscapes, allow-
ing for larger effective step sizes once sufficient IC
foundation is established.

These findings converge on a clear conclusion:
effective preference alignment requires treating
IC and OA as independent learning axes with
dimension-specific pacing strategies.

4 Decoupled Pacing Optimization

Motivated by the asymmetric learning dynamics
identified in Section 3, we now present DECOPO
(Decoupled Pacing Optimization), a training frame-
work that maintains independent, adaptive pacing
for the IC and OA dimensions.

4.1 Design Principles

DECOPO is guided by three core principles: (1)
Independent Pacing: IC and OA should have sep-
arate learning schedules rather than being coupled;
(2) Mastery-Based Adaptation: pacing should
adapt based on dimension-specific mastery; and (3)
Rectangular Activation: active samples should
form a rectangular region via independent thresh-
olds rather than a diagonal wedge.

4.2 Algorithm Framework

Decoupled Pace Parameters. DECOPO main-
tains two independent scalar paces: Aic(t) for In-
put Complexity and Apa (¢) for Output Ambiguity,
where ¢ indexes training epochs. At epoch ¢, the
active training set is defined as:

t
Dt(ra)in = {(‘T’y’w’yl) €D |

(6)
IC(z) < Mic(t) AOA < Xoa(t)}

This formulation creates a rectangular activation
frontier in the discretized IC-OA grid: a cell Cy, ,,,
is active if and only if £ < Ajc(¢) and m < Aoa(?).

Mastery-Driven Pace Updates. The key chal-
lenge in adaptive training is determining when the
model is ready to progress to harder samples. DE-
COPO addresses this through dimension-specific
mastery functions.

For Input Complexity, we measure mastery by
evaluating performance on samples where output
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Figure 2: DECOPO algorithm overview. The framework maintains two independent pace parameters Ajc and A\oa
that expand based on dimension-specific mastery scores. At each epoch, samples within the rectangular activation
region are used for training, and paces are updated according to mastery assessments on held-out subsets.

ambiguity is minimal, thereby isolating IC-related
challenges:

1
1+ E(z,yw Y1) ~Diow-0a [‘CDPO (7‘—9; L, Yw, yl)]
(7
where Digw-0a = {(Z,Yw,y1) € D | m = 1} con-
tains samples with the clearest preference signals.
Symmetrically, Output Ambiguity mastery is as-
sessed on samples with minimal input complexity:

1

L+ Bz 0 90~ Diowic LLDPO (05 T, Yuw, Y1)
®)
These definitions embody our core insight: to
fairly assess competency in one dimension, we
must control for the other.
At the end of each epoch, paces are updated
proportionally to their respective mastery scores:

Mic

Moa

)\IC(t + 1) = min(K, )\IC(t) + Mbase (1 + MIC))
)]

AOA(t + 1) = min(M, )\OA(t) + Tlbase * (1 + MOA))
(10)

where 7pase 1S @ base step size and K, M are max-
imum ranks. The multiplicative factor (1 + M)
ensures that dimensions with higher mastery ad-
vance more rapidly.

KL-Adaptive Reference. The reference model
Tt in DPO serves as a regularization anchor. How-
ever, in multi-stage training, a fixed reference can

become stale. We adopt a KL-divergence-based up-
date strategy: when Dy (mg||7met) > 0, we update
Tref < T9.

4.3 Complete Algorithm

Algorithm 1 presents the complete DECOPO train-
ing procedure. The algorithm alternates between
three phases: (1) activating samples based on cur-
rent paces, (2) performing standard DPO training
on the active set, and (3) updating paces based on
mastery assessments.

4.4 Implementation Details

Initialization. We initialize both paces to
Arc(0) = Aoa(0) = 1.0, ensuring training begins
with the easiest samples along both dimensions.

Computational Overhead. DECOPO intro-
duces modest computational overhead compared
to standard DPO. The primary additional cost is
computing mastery scores, which requires forward
passes on Digy-0a and Dioy-1c at each epoch bound-
ary. For a 3 x 3 grid, these subsets constitute
roughly 33% of data collectively. Since mastery
evaluation needs only forward passes (no gradi-
ents), it adds less than 5% to per-epoch time.

S Experiments

We conduct comprehensive experiments to evaluate
DECOPO across three dimensions: alignment qual-
ity on standard benchmarks, analysis of emergent
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Algorithm 1 DECOPO: Decoupled Pacing Opti-
mization
Require: Dataset D with IC-OA labels, SFT
model 7mspr, base step 7pase, KL threshold 6,
total epochs E
Initialize 7y <— TSET, Tref ¢ TSFT
Initialize A\jc < 1.0, Aoa < 1.0
fort =1to F do
DU {(@,yus ) € D | IC(x) < Aic A
OA < Moa}
5. for mini-batch B ~ D) do
6 Compute Lppo (7, Tret, B)
7: Update my via gradient descent
g:
9

2w

end for
: if DKL(T(gHﬂ'ref) > § then
10: Tref < O
11:  end if
12:  Compute Mic, Moa via Equations (7)—(8)
13:  Update A\ic, Aoa via Equations (9)—(10)
14: end for
15: return my

learning trajectories, and robustness properties.

5.1 Experimental Setup

Datasets and Preprocessing. Our primary exper-
iments use the UltraFeedback dataset (Cui et al.,
2024), containing approximately 60,000 prompts
with GPT-4-scored preference pairs. We com-
pute IC using Llama-2-7B as the external lan-
guage model, sampling N = 10 responses per
prompt. OA is derived from existing GPT-4 quality
scores. We discretize both dimensions into tertiles
(K = M = 3), creating a 3 x 3 difficulty grid.

Models and Baselines. We initialize training
from Zephyr-7B-SFT (Tunstall et al., 2024), a su-
pervised fine-tuned version of Mistral-7B (Jiang
et al., 2023). Our baselines include: Standard
DPO, which trains without any ordering; IC-Only,
which orders by increasing IC; QOA-Only, which
follows the curriculum strategy of Pattnaik et al.
(2024) by ordering samples based on response dis-
tinguishability; Diagonal, which orders by k£ + m,
representing a natural baseline for jointly consid-
ering both dimensions in a coupled manner; and
SimPO (Meng et al., 2024), which provides com-
parison against recent optimization-focused im-
provements. All curriculum methods use the KL-
adaptive reference mechanism for fair comparison.

To validate generalization, we also conduct

experiments on Llama-3-8B-Instruct (Grattafiori
et al., 2024) and Qwen2.5-7B-Instruct (Yang et al.,
2025).

Evaluation Metrics. We assess alignment qual-
ity through two complementary benchmarks: MT-
Bench (Zheng et al., 2023), which evaluates eight
categories via GPT-4-as-judge on 80 multi-turn
conversations, and AlpacaEval 2.0 (Li et al., 2023),
which measures length-controlled (LC) win rate
against GPT-4-Turbo on 805 instructions. Win
rates against the SFT baseline are also computed on
held-out test sets from UltraFeedback (in-domain),
Vicuna (Chiang et al., 2023), and WizardLM (Xu
et al., 2024) (out-of-domain).

Training Configuration. All models are trained
for three epochs on eight NVIDIA A40 GPUs with
bf16 mixed precision. We use AdamW with learn-
ing rate 5 x 1077, linear warmup over 10% of
steps, and cosine decay. Effective batch size is 64,
sequence length is 2048, and DPO § = 0.1. For
DECOPO, we set npase = 0.3 and 6 = 0.05.

5.2 Main Results

Table 2 presents our primary findings. DECOPO
achieves 42.3% length-controlled win rate on Al-
pacaEval 2.0 and 7.66 on MT-Bench (averaged
over 3 random seeds), establishing state-of-the-art
performance among the compared methods. On
AlpacaEval 2.0, DECOPO outperforms Diagonal
by 2.1% and OA-Only by 3.7%. This significant
margin over Diagonal suggests that the rigid cou-
pling assumption (where IC and OA must progress
simultaneously) forces a suboptimal compromise,
potentially holding back progress in one dimen-
sion while rushing the other. Notably, DECOPO
achieves these gains using the standard DPO loss,
demonstrating that data organization is a critical,
independent factor alongside objective design. We
note that SimPO and DECOPO address orthogonal
aspects of preference learning, namely optimiza-
tion objective and data organization, making their
combination a promising direction for future work.

Category-wise Analysis. Table 3 provides MT-
Bench scores across selected categories. DE-
COPO’s advantage is most pronounced on tasks
requiring complex reasoning: Reasoning (7.55 vs.
7.14 for Diagonal), Coding (7.71 vs. 7.45), and
Math (6.44 vs. 6.16). These tasks typically in-
volve high Input Complexity, where the underlying
logic must be understood before preferences can be
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Method AE2-LC MT-B UF Vic Wiz

DPO 35.8407 T7.084005 829406 83.5+07 81.240s
SimPO 382106 T7.211004 84.6105 858106 83.7107
IC-Only 36.9+07 7.154005 842406 852107 834107
OA-OIﬂy 38.6:{:0.6 7.32:t0_04 85.8i0_5 87.5:{:0'6 85-2j:046
Diagonal 40'2i0.6 7045i0.04 86.5i0'5 88.8i0,5 86.5i0,6
DECOPO 42.310,5 7.66i0_04 88.1i0.4 90-310.5 88.410,5

Table 2: Main alignment results on Zephyr-7B (mean = std over 3 seeds). AE2-LC: AlpacaEval 2.0 length-controlled
win rate (%). MT-B: MT-Bench score. UF/Vic/Wiz: win rates (%) against SFT baseline on UltraFeedback, Vicuna,

and WizardLM test sets.
Method Write Role Reason Code Math
Standard DPO  7.21  7.00 6.50 6.85 5.55
OA-Only 747 724 6.74 722 6.10
Diagonal 7.51 7.33 7.14 745  6.16
DECOPO 7.87 17.65 7.55 771 6.44

Table 3: MT-Bench category breakdown showing strong
gains on reasoning-intensive tasks.

Model Method AE2-LC MT-B AMT-B
ZephyeTB SR 3 16 4o
Lama3 8B DRSNS das 738 4023
Qwen2.5-78 1?}?58%% iisls Zﬁ; 4013

Table 4: Cross-model validation showing consistent
improvements across different model families.

meaningfully distinguished. By prioritizing input
comprehension in the early phase, DECOPO likely
prevents the model from overfitting to superficial
preference cues on prompts it does not yet fully
grasp, thereby building a more robust foundation
for STEM-related domains.

Cross-Model Validation. To assess generaliza-
tion, we evaluate DECOPO on Llama-3-8B and
Qwen2.5-7B. Table 4 shows that DECOPO consis-
tently outperforms baselines across model families,
confirming that the benefits of decoupled pacing
are not model-specific.

Complementarity with Data Selection. As dis-
cussed in Section 2, data selection methods ad-
dress which data to use, while DECOPO addresses
when to present data. Table 5 compares DECOPO
with two representative selection methods, margin-
based filtering (Deng et al., 2025) and difficulty-
based filtering (Gao et al., 2025), as well as their
combination with DECOPO. DECOPO substan-

Method AE2-LC MT-B
Standard DPO (100% data) 35.8 7.08
Margin Filtering (10% data) 375 7.22
Difficulty Filtering (50% data) 38.1 7.28
DECOPO (100% data) 423 7.66
Difficulty Filtering + DECOPO 43.1 7.72

Table 5: Complementarity between data selection and
DECOPO. Combining difficulty filtering with decou-
pled pacing yields the best performance.

tially outperforms selection-only approaches, and
combining difficulty filtering with DECOPO yields
the best overall results, confirming that presenta-
tion order provides complementary value beyond
sample filtering.

5.3 Emergent Learning Trajectories

A central claim of our work is that DECOPO au-
tomatically discovers effective learning trajecto-
ries through mastery-based adaptation. Figure 3a
tracks the evolution of pace parameters Aic () and
)\OA(t)-

A distinct two-phase pattern emerges sponta-
neously. During the first 30% of training, Aic
grows rapidly from 1.0 to 2.4, prioritizing input
comprehension. In contrast, A\oa increases slowly.
In the second phase, this trend reverses: Apa ac-
celerates while Ajc plateaus. This trajectory is not
hand-crafted but arises naturally from the model’s
performance, suggesting that establishing prompt
understanding creates a necessary foundation for
fine-grained preference discrimination.

5.4 Data Efficiency and Robustness

Data Efficiency. We evaluate how effectively
DECOPO utilizes training data by subsampling
75% of UltraFeedback. As shown in Figure 3b,
DECOPO trained on only 75% of the data achieves
an MT-Bench score of 7.57, remarkably surpassing
the full-data OA-Only baseline (7.32) and outper-
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Figure 3: Analysis of learning dynamics and performance drivers. (a) The mastery-based schedule naturally
discovers a two-phase pattern: rapid Aic growth followed by accelerated A\pa expansion. (b) DECOPO using only
75% data outperforms full-data baselines like OA-Only and matches Diagonal. (¢) Removing decoupled pacing or
adaptivity significantly drops performance, verifying the core design principles.

Method 0% 10% 20% 30%
Standard DPO  7.08 6.92 6.83 6.61
OA-Only 732 721 712 6.88
Diagonal 745 736 728 7.05
DECOPO 7.66 7.58 7.49 7.29

Table 6: MT-Bench scores under label noise injection
in high-OA samples. DECOPO exhibits the smallest
degradation across all noise levels.

forming the Diagonal baseline (7.45). On AlpacaE-
val 2.0 (see Appendix), this partial-data model
achieves 40.8%, beating most full-data competitors.
This confirms that structured exploration yields
higher information gain per sample.

Noise Robustness. Real-world preferences of-
ten contain noise. We inject label noise at vary-
ing rates into high-OA samples and measure MT-
Bench degradation. Table 6 reports the results. DE-
COPO exhibits the smallest degradation at every
noise level because during the early IC-focused
phase, training operates primarily on low-OA sam-
ples where noise was not injected, building a solid
foundation before encountering potentially noisy
high-OA data.

5.5 Ablation Studies

Figure 3c quantifies the contribution of each com-
ponent. The most significant drop occurs when
replacing independent pacing with a unified sched-
ule (A\;c = Aoa), lowering the score to 7.45. This
validates our core hypothesis that input and out-
put difficulties are orthogonal. Using a fixed linear
growth schedule instead of mastery-based updates
results in a score of 7.55, showing that adaptiv-

ity adds meaningful value. Finally, removing the
KL-adaptive reference mechanism reduces stabil-
ity, dropping the score to 7.51.

6 Conclusion

We identify Input Complexity and Output Ambigu-
ity as distinct sources of alignment difficulty that
exhibit asymmetric learning dynamics. To leverage
this insight, we introduce DECOPO, a framework
employing independent, mastery-based pacing for
each dimension. Our method achieves state-of-
the-art performance on AlpacaEval 2.0 and MT-
Bench while demonstrating superior data efficiency
and noise robustness. The naturally emerging two-
phase learning trajectory validates the effectiveness
of our structured difficulty treatment. Future work
will extend these principles to safety alignment and
uncertainty estimation.

Limitations

Our experiments focus primarily on 7B-parameter
models due to computational constraints. While
cross-model validation shows consistent bene-
fits, experiments on larger models (70B+) would
strengthen claims about scalability. Additionally,
our IC and OA metrics rely on external models
(Llama-2 for IC, GPT-4 for OA); the framework’s
effectiveness may vary with different metric imple-
mentations. Finally, GPT-4 is used both for com-
puting OA and for MT-Bench evaluation, which
could introduce systematic biases. We partially
address this by including AlpacaEval 2.0 as an ad-
ditional evaluation benchmark, and Appendix F
reports robustness checks using Claude as an alter-
native judge.
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A Additional Implementation Details

This section provides supplementary details regard-
ing metric computation, data processing, and the
training infrastructure used in our experiments.

A.1 1IC Computation Specifics

To quantify Input Complexity (IC), we utilize
Llama-2-7B-base as the external estimator pp.
We employ temperature sampling (7' = 0.9) com-
bined with nucleus sampling (top-p = 0.95) to
generate diverse responses. For each prompt, we
sample N = 10 completions. This number was
chosen empirically to balance estimation stability
with computational efficiency. Perplexity is calcu-
lated at the token level using the model’s native
tokenizer. To prevent numerical instability from
outliers, we clip perplexity values to the range
[1.0,1000.0] prior to computing the standard de-
viation across samples.

A.2  OA Computation from GPT-4 Scores

Output Ambiguity (OA) is derived from the con-
tinuous quality scores provided in the UltraFeed-
back dataset. We define OA as the inverse of the
score margin between the preferred and rejected
responses. Formally, given a judge model Sjuqge.
the ambiguity is computed as:

1
OA (Y, yi|z) =
(y yl‘ ) |Sjudge(yw|x) - Sjudge(yl‘xﬂ(‘{l'le)

where € = 0.01 ensures numerical stability. This
formulation maps small score differences (high un-
certainty/similarity) to large ambiguity values, con-
sistent with our definition of discrimination diffi-
culty.

A.3 Discretization and Binning

To construct the curriculum grid, we employ
quantile-based binning rather than absolute thresh-
olds. We compute the K-quantiles for IC and M-
quantiles for OA across the entire training corpus.
This ensures a uniform data distribution where each
cell in our 3 x 3 grid contains approximately 11.1%
of the total samples. This balance prevents any
single difficulty region from becoming a bottleneck
during the pacing progression.

A.4 Training Infrastructure

All models were trained on a cluster of eight
NVIDIA A40 GPUs (48GB VRAM) intercon-
nected via NVLink. The software environment in-

cludes PyTorch 2.1.0, CUDA 12.1, and Transform-
ers 4.36.0. We utilize DeepSpeed ZeRO Stage 2
to optimize memory usage during distributed train-
ing. The effective batch size is maintained at 64
via gradient accumulation. With automatic mixed
precision (bf16), a single epoch of DECOPO on
the UltraFeedback dataset requires approximately
2.5 hours.

B Optimization Landscape Analysis via
Hessian Spectrum

To investigate the theoretical basis for asymmetric
learning, we analyze the local geometry of the loss
landscape. Specifically, we approximate the Hes-
sian matrix of the loss function, which describes
the curvature of the optimization surface. High
curvature implies a difficult optimization landscape
prone to instability.

B.1 Methodology

Since computing the full Hessian for a 7B-
parameter model is intractable, we approximate
its top eigenvalues using the Lanczos algorithm.
These principal eigenvalues capture the sharpest
directions of curvature, which are the primary de-
terminants of optimization difficulty.

Lanczos Algorithm. We estimate the spectrum
of the symmetric Hessian matrix H by iteratively
constructing an orthonormal basis for the Krylov
subspace Kr(H,v). We perform k& = 100 itera-
tions, which yields a stable approximation of the
extreme eigenvalues. To avoid explicit Hessian in-
stantiation, we compute Hessian-vector products
using automatic differentiation:

Hv=Vy (VoL -v) (12)

For each of the nine difficulty regions in our grid,
we sample 500 preference pairs and compute statis-
tics over mini-batches of 32 samples. Results are
averaged over 5 random initializations.

B.2 Full Spectrum Statistics

Table 7 details the spectral properties for each grid
cell. We report the maximum eigenvalue (Apax),
the minimum positive eigenvalue ()\IJ;in)’ and the
condition number (k = Apax/ )‘:nn)-

B.3 Interpretation

The data highlights a clear asymmetry: curvature
is primarily driven by Input Complexity. As shown
in the table, Ay .« nearly doubles from 0.83 (Low
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IC OA Amax )\;in Cond. Num.
Low Low 0.834+0.07 0.0204+0.003 42.3+5.1
Low Mid 0.88+0.08 0.018+£0.003 48.9+6.2
Low High 0.91+£0.08 0.018+0.002 51.2+6.3
Mid Low 1.12+£0.10 0.019+0.003 58.9+7.1
Mid Mid 1.18+0.11 0.0174+0.002 69.4 +8.0
Mid High 1.244+0.12 0.016 +£0.002 77.5+8.8
High Low 1.42+0.12 0.018+0.003 78.6£38.2
High Mid 1.51+£0.14 0.017+0.002 88.8+9.4
High High 1.58+0.15 0.018 £0.003 89.4+09.7

Table 7: Hessian spectral statistics across the difficulty
grid. A indicates curvature sharpness, while Condi-
tion Number reflects optimization instability.

IC) to 1.42 (High IC) even when Output Ambigu-
ity remains low. In contrast, increasing OA causes
only minor increases in spectral norm. This pro-
vides a mechanistic explanation for our curriculum
design: high-IC samples present a sharper, more
treacherous optimization landscape, necessitating
a cautious, mastery-based approach.

C Extended Experimental Results

In this section, we provide a more granular analy-
sis of model performance, statistical reliability, and
generalization capabilities. These results collec-
tively reinforce that DECOPO’s improvements are
not limited to specific metrics or datasets but stem
from a fundamental optimization of the learning
process.

C.1 Detailed Benchmarking by Category

Table 8 presents the breakdown of MT-Bench
scores across eight distinct capabilities. A closer
examination reveals a clear pattern aligned with
our theoretical framework.

DECOPO achieves its largest margins over the
Diagonal baseline in categories that demand rig-
orous logic and structural understanding: Coding
(+0.26), Math (+0.28), and Reasoning (+0.41). In
standard DPO training, the model often attempts to
learn preference signals before fully mastering the
underlying logic of complex prompts, leading to su-
perficial alignment. By prioritizing Input Complex-
ity early in training, DECOPO ensures the model
establishes a robust reasoning foundation before
optimizing for stylistic preferences.

Interestingly, we also observe gains in creative
tasks like Roleplay (+0.32). This suggests that
even for open-ended queries, a better grasp of the
prompt’s nuances (IC) allows for more precise ad-
herence to character constraints (OA).

C.2 Statistical Significance Testing

Given the variability inherent in LL.M evaluation,
it is crucial to verify that our improvements are
statistically robust and not artifacts of random seed
selection or evaluation noise. We employed paired
bootstrap resampling (10,000 iterations) on the MT-
Bench and AlpacaEval result sets.

Table 9 confirms that DECOPO’s lead is statis-
tically significant at the p < 0.01 level against
all baselines. Notably, the improvement over the
Diagonal baseline (p < 0.01) is particularly impor-
tant; since both methods use curriculum learning,
this significance isolates the specific contribution
of decoupling the pacing schedules versus simply
ordering data by difficulty.

C.3 Cross-Dataset Generalization

Our main experiments utilize UltraFeedback, a
dataset characterized by high-quality, Al-generated
preference labels. To ensure our findings generalize
to human-annotated data distributions, we trained
models on the Anthropic Helpful-Harmless (HH)
dataset.

As shown in Table 10, DECOPO maintains its
superiority, achieving an 89.1% win rate on the Vi-
cuna benchmark. This result is significant because
the HH dataset contains very different prompt dis-
tributions (often focusing on safety and refusal)
compared to UltraFeedback. The consistent gains
confirm that the IC-OA decomposition captures in-
trinsic properties of language learning difficulty,
rather than overfitting to the specific quirks of a
single dataset.

D IC/OA Metric Robustness

To evaluate the sensitivity of DECOPO to the spe-
cific choice of IC and OA metrics, we tested alter-
native formulations while keeping all other settings
identical.

D.1 Alternative IC Definitions

We compared three IC formulations: the default
perplexity standard deviation, an entropy-based
variant (output distribution entropy from a single
forward pass), and an embedding-diversity variant
(response embedding variance in the model’s rep-
resentation space). Table 11 reports the results. All
three IC definitions yield consistent improvements
over baselines, with differences among IC vari-
ants being much smaller than the gap between DE-
COPO and any baseline. The entropy-based variant
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Method Write Role Reason Code Math Extract STEM Human
Standard DPO 7.21 7.00 6.50 6.85 5.55 7.75 7.68 8.10
SimPO 7.32 7.12 6.62 7.02 5.72 7.85 7.78 8.25
IC-Only 7.35 7.15 6.70 7.10 5.85 7.62 7.55 7.88
OA-Only 7.47 7.24 6.74 7.22 6.10 7.88 7.76 8.15
Diagonal 7.51 7.33 7.14 7.45 6.16 7.95 7.85 8.21
DECOPO 7.87 7.65 7.55 7.71 6.44 8.02 7.95 8.25

Table 8: Complete MT-Bench results across all eight evaluation categories. The decoupling strategy yields the
most significant benefits in logic-intensive domains (Reasoning, Coding, Math) where input understanding is a

prerequisite for preference discrimination.

Comparison AMT-B AAE2 p-value
DECOPO vs. Diagonal +0.21 +2.1% < 0.01
DECOPO vs. OA-Only +0.36 +3.7% < 0.01
DECOPO vs. SimPO +0.47 +4.3% < 0.001
DECOPO vs. Standard DPO  +0.60 +6.7% < 0.001

Table 9: Statistical significance of improvements over
baselines using paired bootstrap hypothesis testing.

Method AE2-LC MT-B HH-WR Vic-WR
Standard DPO 325 6.92 78.3 80.1
OA-Only 35.8 7.18 82.5 85.2
Diagonal 372 7.25 83.1 85.8
DECOPO 41.6 7.53 86.4 89.1

Table 10: Results on Anthropic HH dataset. Consistency
across diverse data sources confirms that independent
pacing is a generalizable alignment principle.

is particularly noteworthy as it requires only a sin-
gle forward pass per prompt, avoiding the N = 10
sampling cost of the default formulation.

IC Variant MT-Bench AE2-LC
Perplexity StdDev (default) 7.66 42.3
Entropy-based 7.61 41.8
Embedding-diversity 7.63 42.0
Diagonal baseline 7.45 40.2

Table 11: DECOPO performance with alternative IC
formulations. All variants maintain substantial improve-
ments over baselines.

D.2 Alternative OA Judge

To verify that DECOPO is not tightly coupled to
GPT-4’s specific scoring tendencies, we replaced
the GPT-4-derived OA scores with those from
Llama-3-70B-Instruct as the judge. DECOPO
achieves MT-Bench 7.62 with this alternative OA
estimator, confirming the framework’s robustness
to the choice of judge model.

D.3 IC-OA Correlation Analysis

We computed the correlation between IC and OA
across the full UltraFeedback dataset. The Pear-
son correlation is 7 = 0.14 and the Spearman cor-
relation is p = 0.11, supporting that the two di-
mensions are approximately orthogonal in practice.
This low correlation holds regardless of the specific
IC variant used, confirming that IC and OA capture
genuinely distinct aspects of sample difficulty.

E Computational Cost Analysis

Table 12 provides a complete end-to-end cost com-
parison on 8xA40 GPUs. The IC preprocessing
is a one-time cost amortized across all subsequent
experiments using the same dataset. OA computa-
tion incurs zero additional cost since it is derived
from existing GPT-4 quality scores in UltraFeed-
back. The DECOPO training loop itself adds only
5.3% overhead versus standard DPO due to mastery
evaluation at epoch boundaries.

Stage GPU Hours

IC Preprocessing (one-time) 4.2h

OA Computation Oh (existing scores)
Standard DPO Training (3 epochs) 7.5h
DECOPO Training (3 epochs) 7.9h (+5.3%)
Total: Standard DPO 7.5h

Total: DECOPO (incl. preprocessing) 12.1h

Table 12: End-to-end computational cost breakdown on
8x A40 GPUs. The preprocessing overhead is a fixed
one-time cost that does not scale with the number of
subsequent experiments.

For settings where preprocessing budget is
constrained, the entropy-based IC variant (Ap-
pendix D) provides a substantially cheaper alter-
native, requiring only a single forward pass per
prompt while achieving MT-Bench 7.61.
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F Robustness to Evaluation Judge

A recurring concern in recent alignment research is
self-preference bias, where models scored by GPT-
4 may be favored simply because they were trained
on GPT-4 preferences. Furthermore, since our OA
metric is derived from GPT-4 scores, there is a risk
of circularity.

To address this, we re-evaluated all models using
Claude-3.5-Sonnet as an independent judge. Ta-
ble 13 demonstrates that while the absolute scores
differ between judges (Claude tends to be slightly
stricter), the relative ranking remains identical. DE-
COPO outperforms the Diagonal baseline by 0.16
points under Claude’s evaluation, nearly match-
ing the 0.21 margin under GPT-4. This stability
suggests that DECOPO improves the fundamental
quality of responses—such as reasoning coherence
and instruction following—rather than merely gam-
ing specific judge heuristics.

Method GPT-4 Judge Claude Judge
Standard DPO 7.08 6.95
OA-Only 7.32 7.12
Diagonal 7.45 7.21
DECOPO 7.66 7.37
DECOPO A vs. Diagonal +0.21 +0.16

Table 13: Comparison of MT-Bench scores using GPT-
4-Turbo vs. Claude-3.5-Sonnet as judges. The perfor-
mance advantage is robust to the choice of evaluator.

G Region-Stratified Analysis

To pinpoint the source of DECOPO’s effectiveness,
we analyzed performance improvements across the
difficulty grid. Figure 4 and Table 14 display the
win-rate gain of DECOPO over the OA-Only base-
line.

The results reveal a stark contrast between re-
gions. In the Low-IC regime (top rows), the im-
provements are modest (+1.5% to +3.2%). This
is expected: when prompts are simple, the model
already possesses sufficient understanding, so the
specific curriculum order matters less.

However, in the High-IC regime (bottom row),
we observe dramatic gains of up to +12.1%. This
confirms our core hypothesis: when the input is
complex, standard training methods (or those fo-
cusing only on output ambiguity) fail because they
force the model to optimize preferences on inputs
it does not yet comprehend. DECOPO’s decou-
pled pacing delays these samples until the model

achieves sufficient mastery, preventing the learning
of spurious correlations and resulting in signifi-
cantly better alignment on complex tasks.

— 14
LowIC-d +3.2% +2.1% +1.5% "
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‘:._<. é
) -~
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Output Ambiguity

Figure 4: Win rate improvements of DECOPO over
OA-Only across the IC-OA grid. The performance gap
widens as Input Complexity increases, validating the
necessity of mastering input understanding before pref-
erence discrimination.

Low OA Mid OA High OA

Low IC +1.5% +2.1% +3.2%
Mid IC +2.8% +4.6% +7.3%
High IC +5.2% +8.4% +12.1%

Table 14: Numeric breakdown of win rate improvement
over OA-Only. The largest gains occur when both Input
Complexity and Output Ambiguity are high.

H Hyperparameter Sensitivity Analysis

The robustness of a training framework is deter-
mined by its sensitivity to hyperparameter choices.
We investigate three key parameters: the base step
size (Mpase), the KL-update threshold (§), and the
grid granularity.

Base Step Size (7)pase)- This parameter controls
the minimum speed of curriculum expansion. As
shown in Table 15, performance is stable within
the range [0.2,0.4]. When 7y is set below 0.2,
the curriculum unfolds too slowly and effectively
discards hard data samples within the fixed epoch
budget, leading to underfitting. Conversely, setting
it above 0.4 causes the curriculum to expand too
aggressively, approaching the behavior of standard
DPO where all data becomes active immediately,
which negates the pacing benefits.
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base MT-Bench AE2-LC

0.1 7.53 £0.04 40.5 +0.8
0.2 7.63 +0.04 41.3 £0.7
03 7661004 42.3+0.5
0.4 7.61 +0.04 41.8 £0.7
0.5 7.50 £0.05 40.2 +£0.9

Table 15: Sensitivity to base step size. The method is
robust across a reasonable range of pacing speeds (mean
=+ std over 3 seeds).

KL Threshold (6). This threshold dictates when
to refresh the reference model. Table 16 indicates
an optimal range of [0.03, 0.07]. Setting § too low
triggers frequent updates, which can destabilize
the implicit reward function and lead to reward
hacking. Conversely, a high threshold leaves the
reference model stale, reducing the regularization
effect and causing the policy to drift too far from
the base distribution.

0 MT-Bench AE2-LC
002 7.58£0.04 40.8£0.8
003 762+0.03 41.5£0.7
005 7.66+004 423105
007 7.64+0.03 41.9£0.7
0.10 7.55£0.04 41.2+£0.8

Table 16: Sensitivity to KL threshold. Moderate update
frequencies yield the best balance between stability and
plasticity.

Grid Granularity. We discretize the continuous
IC-OA space into a grid. We found thata 3 x 3 grid
offers the best trade-off (Table 17). A 2 x 2 grid
is too coarse to separate distinct difficulty levels
effectively. A 4 x 4 grid, while offering higher res-
olution, results in fewer samples per cell (~3,750),
which increases the variance of the mastery estima-
tion and leads to noisier pacing updates.

Grid MT-B AE2-LC Samples/Cell
2x2 7.58+0.04 422408 ~15,000
3x3 17.66+£0.04 423+0.5 ~6,700
4x4 T761+£0.04 42.1+£07 ~3,750

Table 17: Impact of grid granularity. 3 x 3 provides suf-
ficient resolution while maintaining statistical reliability
in mastery estimation.

I Ethical Considerations and Broader
Impacts

Societal Impact and Dual Use. While our work
aims to align models with human values to improve

helpfulness and reasoning, preference optimization
methods are inherently agnostic to the specific val-
ues being aligned. There is a risk that the efficient
alignment techniques proposed in DECOPO could
be potentially misused to align models with mali-
cious instructions or harmful values. We adhere to
the safety guidelines of the UltraFeedback and An-
thropic HH datasets and emphasize the importance
of safety filtering in the data curation process.

Bias and Evaluation Limitations. Our method-
ology relies on Input Complexity (IC) and Out-
put Ambiguity (OA) metrics derived from specific
models (Llama-2 and GPT-4). We acknowledge
that these metrics may reflect the inherent biases
of the underlying estimator models. Furthermore,
employing LLMs as judges (e.g., GPT-4) serves
as a scalable proxy for human preference but may
not fully capture the diversity of human values
across different cultural backgrounds or handle sub-
tle safety nuances perfectly.

Environmental Impact. A key contribution of
DECOPO is improved data efficiency, achieving
state-of-the-art performance with only 75% of train-
ing samples compared to standard baselines. This
reduction in required training steps contributes to
lower energy consumption and a reduced carbon
footprint for model alignment, promoting more sus-
tainable Al development practices.

Al Assistance Declaration. In accordance with
the ACL Al Assistance Policy, we acknowledge
the use of Al assistants for grammatical error cor-
rection and text polishing during the preparation
of this manuscript. The authors have reviewed all
generated content and remain fully responsible for
the accuracy, integrity, and originality of the paper.
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