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Abstract

Preference optimization is fundamental for
aligning large language models. While exist-
ing methods use sample weighting, they typi-
cally rely on static functions of instantaneous
model states and ignore temporal learning dy-
namics. We contend that a sample’s value
evolves throughout training, characterized by
patterns such as stable convergence or noisy
oscillation. We propose MetaPO, a frame-
work that meta-learns adaptive weights using
three temporal features: reward margin evo-
lution, learning volatility, and reference devi-
ation. Through bilevel optimization on vali-
dation data, MetaPO automatically discovers
weighting strategies tailored to specific datasets.
Experiments on models ranging from 7B to
70B parameters demonstrate statistically sig-
nificant improvements over strong baselines,
achieving gains of up to 2.4 points on AlpacaE-
val 2.0 and 1.6 points on Arena-Hard. Inter-
pretability analysis confirms that temporal fea-
tures drive over 70% of the weighting decisions
and that the learned weights correlate strongly
with sample quality.

1 Introduction

Aligning large language models (LLMs) with hu-
man preferences through reinforcement learning
from human feedback (RLHF) has become funda-
mental to developing capable Al systems (Chris-
tiano et al., 2017; Ouyang et al., 2022; Bai et al.,
2022). Direct Preference Optimization (DPO)
(Rafailov et al., 2023) simplifies this pipeline by re-
formulating RLHF as supervised learning, eliminat-
ing explicit reward modeling and complex policy
gradient algorithms. DPO’s efficiency has inspired
numerous variants exploring different optimization
objectives and architectural choices (Meng et al.,
2024; Ethayarajh et al., 2024; Hong et al., 2024;
Azar et al., 2024; Tang et al., 2024).

*Corresponding author.

A critical yet underexplored aspect of preference
optimization is sample weighting: determining
each preference pair’s contribution to the training
objective. Recent work demonstrates that appropri-
ate weighting schemes significantly impact align-
ment quality. FocalPO (Liu et al., 2025) adapts
focal loss from computer vision (Lin et al., 2020),
using a modulating factor p” where p is the pref-
erence probability and + is a fixed hyperparame-
ter. While achieving strong empirical results, this
weighting function shares a fundamental limitation
with prior approaches: it depends solely on the
current model state at each training step.

Consider two preference pairs during training,
both currently assigned preference probability p; =
0.8, indicating correct ranking. However, their
learning histories differ dramatically. Sample A
has maintained consistent correctness throughout
training with minimal fluctuation, suggesting stable
learning. Sample B has oscillated wildly between
p ~ 0.2 and p ~ 0.9, exhibiting high volatility
that may signal annotation noise or fundamental
ambiguity. Should these samples receive identical
weights? Existing methods answer yes, as they ob-
serve only instantaneous probability p;. We argue
this is suboptimal: Sample B’s erratic trajectory
warrants reduced influence on learning.

This motivates our central thesis: sample weight-
ing for preference optimization can benefit from be-
ing temporally aware. A training sample’s value is
not necessarily a static property determined by cur-
rent predictions, but may evolve based on its learn-
ing trajectory. We identify three dimensions that
characterize this temporal evolution: (1) Reward
margin dynamics: how the model’s preference
strength has evolved, distinguishing newly learned
from long-established knowledge; (2) Learning
volatility: whether the sample exhibits consistent
signals or noisy oscillations; (3) Reference model
alignment: the degree to which learned preferences
deviate from prior knowledge, potentially indicat-
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ing annotation errors or distribution shift.

We propose MetaPO (Meta-learned Preference
Optimization), a framework that meta-learns adap-
tive sample weights based on these temporal fea-
tures. For each preference pair, we construct
a compact feature representation encoding both
current values and exponential moving averages
of the three signals above. A lightweight lin-
ear meta-network maps these features to sample-
specific weights, with parameters learned through
bilevel optimization on validation data. Our meta-
objective balances validation performance with
margin preservation on correctly-ranked samples,
discovering weighting strategies that improve gen-
eralization while maintaining stable learning dy-
namics.

Our work makes three primary contributions:
(1) Conceptual contribution: We identify tempo-
ral dynamics as critical for preference optimization
and formalize three principled temporal features
grounded in the learning process: margin evolution,
volatility, and reference alignment.

(2) Methodological contribution: We develop
MetaPO, a simple and interpretable meta-learning
framework with a linear weighting function en-
abling direct analysis of learned strategies while
maintaining computational efficiency.

(3) Empirical contribution: We demonstrate
consistent improvements over competitive base-
lines across 7B to 70B parameters on established
benchmarks, with statistical significance confirmed
through multiple runs (p < 0.05). SHAP analy-
sis and systematic case studies reveal that learned
weights correlate strongly with sample quality
(p = 0.58, p < 0.001), with temporal components
being the dominant factor in weighting decisions.

2 Related Work

Preference Optimization. Direct Preference Op-
timization (Rafailov et al., 2023) eliminates the
reward modeling phase of traditional RLHF (Chris-
tiano et al., 2017; Ouyang et al., 2022; Ryan et al.,
2022) by directly optimizing policy parameters us-
ing preference data. Subsequent work has explored
various modifications: SimPO (Meng et al., 2024)
removes the reference model constraint and incor-
porates length normalization; ORPO (Hong et al.,
2024) combines supervised fine-tuning with pref-
erence learning in a single objective; KTO (Etha-
yarajh et al., 2024) applies prospect theory to opti-
mize preferences without paired comparisons. Re-

cent theoretical work (Azar et al., 2024; Tang et al.,
2024) has analyzed the convergence properties and
sample complexity of preference-based learning.
Identity-PO (Azar et al., 2024) provides a unified
framework for understanding various preference
optimization algorithms, while (Tang et al., 2024)
extends DPO to general reward functions beyond
the Bradley-Terry model.

Most relevant to our work, FocalPO (Liu et al.,
2025) introduces sample weighting inspired by fo-
cal loss (Lin et al., 2020), using p” to modulate
each preference pair’s contribution. Concurrent
work (Li et al., 2026) explores meta-learning for
fusing intrinsic feedback in preference alignment.
Our approach differs fundamentally: rather than
using a fixed, hand-crafted function applied uni-
formly, we employ meta-learning to discover adap-
tive, sample-specific weights informed by temporal
learning dynamics.

Sample Reweighting for Preference Optimiza-
tion. Several concurrent works explore learned
reweighting within the alignment pipeline. DORM
(Zhang et al., 2025) applies bilevel optimization to
learn sample weights for reward modeling based
on uncertainty signals. RDO (Wang et al., 2024b)
introduces closed-form reweighting coefficients for
DPO derived from reward difference signals. BPO
(Wang et al., 2025) addresses balanced preference
optimization across knowledge breadth and depth
through multi-objective sample utilization. These
methods share MetaPO’s motivation of differentiat-
ing sample contributions, yet they all derive impor-
tance from instantaneous model states at a single
checkpoint. None tracks how the learning signal
evolves over time. MetaPO complements these ap-
proaches by introducing temporal dynamics as an
orthogonal axis for sample characterization.

Meta-Learning for Data Optimization. Meta-
learning has been successfully applied to data selec-
tion and weighting in supervised learning. L2ZRW
(Ren et al., 2018) learns sample weights through
bilevel optimization on validation data. Meta-
Weight-Net (Shu et al., 2019) uses a neural network
to predict importance weights based on gradient
direction and training loss. MentorNet (Jiang et al.,
2018) learns a data-driven curriculum by training a
student-teacher network. Training dynamics anal-
ysis (Li et al., 2025) and difficulty-aware learning
curve extrapolation (Li and Zhao, 2026) demon-
strate that temporal trajectories carry rich signals
beyond instantaneous model states, motivating our
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temporal feature design.

3 Method

Figure 1 provides an overview of our approach. We
begin by establishing the problem setup and iden-
tifying limitations of existing methods, then intro-
duce our temporal feature design, meta-weighting
architecture, and optimization procedure.

3.1 Background and Motivation

Given a dataset of preference pairs D =
{(x(z),yvs,),yl(l)) ', where z denotes a prompt
and ¥y, > U1 1ndlcates human preference, DPO

optimizes:
Lopo(0) = —E sy, y)~p [loga(BArg)] (1)

where Arg = 1r9(yw)—79(y;) represents the reward

margin, with implicit rewards defined as r9(y) =
Blog o (y|z)

7rrc:f(y‘x) ’

FocalPO modifies this by introducing a sample-
dependent modulating factor:

LFocalPO(e) =-E []ﬂ : log U(BATQ)] (2)

where p = o(8Ary) and v > 0 is a hyperparame-
ter. While this formulation successfully upweights
correctly-ranked samples, the weight p; at training
step t depends exclusively on the current preference
probability, unable to distinguish samples with dif-
ferent learning histories despite identical current
states.

3.2 Temporal Feature Design

We characterize each sample through three scalar
quantities, each augmented with temporal informa-
tion via exponential moving averages (EMA). This
design addresses three fundamental questions about
sample quality in preference learning: Has this sam-
ple been consistently learned? Is the learning stable
or noisy? Does it align with prior knowledge?

Reward Margin Evolution. The instantaneous
reward margin Arét) = rét)(yw) — Tét) (y;) indi-
cates current ranking correctness. To capture his-

torical trends, we maintain:

f(t) _ Ar(t) 3)
A =aff™40-a)f” @
with decay rate « = 0.9. The combination

[ 1(t), fl(t)] distinguishes qualitatively different sce-
narios: persistent correctness (f; > 0, fi > 0),
recent transitions (f; > 0, fi ~ 0), and consistent
errors (f1 < 0, fl < 0).

Learning Volatility. We quantify learning sta-
bility through the running standard deviation of
margin values over the entire training history of
each sample:

£ (Am AM”) 5)

7 = aét”+ﬂ a) 3" (©)
where A7 is the running mean of margin values.
This is computed efficiently using Welford’s on-
line algorithm, maintaining only three scalars per
sample (M5, mean, count) without storing the full
margin history. High values of f5 indicate unsta-
ble learning across the trajectory, while elevated
fo suggests persistent instability, a strong signal
of potential annotation noise or fundamental sam-
ple ambiguity. Temporal smoothing through the
EMA (with o = 0.9, corresponding to an effective
half-life of approximately 7 steps) provides com-
plementary information: fy captures cumulative
volatility over the full trajectory, while f; reflects
recent stability trends.

Reference Model Deviation. The reference
model m.r encodes knowledge from supervised
fine-tuning. We measure divergence via KL:

£ = D (7 () |meer(-|2)) (D)
AP =aff 41— a) ®)

Samples with sustained high deviation may contra-
dict prior knowledge, potentially indicating label-
ing errors or systematic distribution shift.

Feature Representation. For sample ¢ at step ¢,
the complete feature vector is:

t) = [fl(t)7 71(7&)’ fQ(t)7 72(t)’f:§t)’ fét)] c R6 (9)

3.3 Meta-Weight Network

We employ a deliberately simple architecture: a
single linear transformation followed by Softplus
activation:
wey(s;) = Softplus(w ''s; + b) (10)
where ¢ = {w € R% b € R} comprises the learn-
able parameters.
This design prioritizes interpretability and com-
putational efficiency. The linear form allows direct
inspection of learned coefficients w to understand
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Figure 1: Overview of MetaPO. For each preference pair, we extract three temporal features (margin evolution,
volatility, reference deviation) combining current values with exponential moving averages. A linear meta-network
predicts sample-specific weights for the DPO objective. Meta-parameters are updated periodically (every K steps)
via bilevel optimization on validation data to maximize performance while preserving learned margins.

which features drive weighting decisions (analyzed
in Section 4.9). Despite its simplicity, this architec-
ture proves sufficient: our temporal features encode
rich information about sample quality, and empir-
ical results demonstrate that linear combination
achieves strong performance. The Softplus activa-
tion ensures non-negative weights while maintain-
ing smooth gradients for meta-optimization.

3.4 Meta-Objective and Bilevel Optimization

Meta-parameters ¢ are learned through bilevel op-
timization on a held-out validation set Dy,. Our
meta-objective balances two complementary goals:

Lmeta(¢) = Lval(¢) + )\['margin(qs) (11)
The validation loss term:
1
Lya(¢) = " Dl Z log o (BAry)
val (xvy’W7yl)€Dval
(12)

ensures learned weights improve generalization per-
formance. The margin preservation term:

1 i
Loaegn(9) = ~ 55 Sooan) a3
val

ieDF

val

where D, = {i : Aréz) > 0} denotes correctly-
ranked samples, explicitly reinforces correct pref-
erences. This term encourages the meta-learner
to discover strategies that maintain or expand mar-
gins on accurately-learned samples, reducing catas-

trophic forgetting.

3.5 Training Algorithm

MetaPO alternates between inner-loop policy up-
dates and outer-loop meta-updates. We employ
sparse meta-optimization: rather than updating ¢
at every training step, we perform meta-updates
every K steps (X = 100 in our experiments).
This design is motivated by two factors: (1)
the meta-network is lightweight (only 7 param-
eters), requiring infrequent updates to learn sta-
ble weighting strategies; (2) sparse updates sub-
stantially reduce computational overhead, as meta-
optimization involves backpropagation through the
inner loop’s gradient computations. Appendix A.2
provides ablation studies demonstrating that K =
100 achieves an effective balance between meta-
learning quality and computational efficiency. The
complete procedure is formalized in Algorithm 1.

Computational Complexity. The overhead in-
troduced by MetaPO is minimal. Space complex-
ity is O(N) for storing temporal statistics (three
EMAs plus variance state per sample). Time com-
plexity per sample is O(1) for EMA updates and
O(6) for weight prediction (single linear layer for-
ward pass). Meta-update cost is amortized to once
every K steps, adding less than 5% to total training
time in practice. The meta-network itself contains
only 7 parameters, negligible compared to LLM
parameter counts.

12364



Algorithm 1 MetaPO Training

1: Input: Diain, Dyal, Tret, learning rates cinner, Qmeta, Meta-
update interval K

: Inmitialize: Policy parameters 6, meta-parameters ¢, tem-
poral trackers for each sample

3: step <0

4: forepoch=1,..., N do

5 for batch B ~ Diin do

6 step < step + 1

7: for (z,yw,y1) € B do
8.

9

10

[\

Compute f1, fo, f3 via Egs. (3)-(7)
Retrieve f1, f2, f3 from temporal trackers

Form s = [f1, f1, f2, f2, f3, f3]

11: Update trackers via Egs. (4)-(8)

12: end for

13: Compute weights: {w; = wy(s;) }icB
14: Lirain — —ﬁ > e Wilog U(,BAng))
15: 0« 60— ainnervﬁﬁtrain

16: if step mod K = 0 then

17: Compute Lmeta(¢p) on Dya

18: ¢ — ¢ — Oémetav¢£mela

19: end if

20: end for

21: end for

22: Return: 7y

3.6 Theoretical Connections

Our approach connects to several established frame-
works in machine learning.

Influence Functions. The Ilearned weights
we(s;) can be interpreted as approximating the
influence (Koh and Liang, 2017) of sample i
on validation performance. Under bilevel op-
timization, the optimal meta-parameters satisfy
Vo Lyva(0*(¢)) = 0. By the implicit function theo-
rem, the gradient of validation loss with respect to
sample weight w; can be expressed as:

ILval B
811: = —VoLuH, Vot

(14)

where Hy = Vgﬁtmin is the Hessian and ¢; is the
per-sample loss. This is exactly the influence func-
tion formulation of Koh and Liang (2017). Our
bilevel optimization with a linear meta-network
provides a first-order approximation to this quantity
without explicit Hessian computation. By param-
eterizing the influence through temporal features,
we amortize the cost across all samples rather than
computing per-sample influence independently. We
note that this connection is approximate and re-
lies on standard smoothness assumptions that may
not strictly hold in LLM training. Establishing
tighter theoretical guarantees through PAC-Bayes
or stability-based analysis remains an important
direction for future work.

Adaptive Weighting. Unlike focal loss variants
that use fixed modulating functions, MetaPO learns
a data-adaptive weighting strategy. This provides
flexibility: instead of manually tuning hyperparam-
eters for each task, the meta-learner automatically
discovers appropriate weightings tailored to the
specific data distribution and model.

Implicit Curriculum. The temporal features,
particularly margin evolution, enable implicit cur-
riculum learning. Samples transitioning from incor-
rect to correct (indicated by f; > 0, fi < 0) may
receive different weights than persistently correct
samples, allowing dynamic adjustment of training
focus as learning progresses, a form of data-driven
curriculum discovered through meta-learning.

4 Experiments

4.1 Experimental Setup

Models and Datasets. We evaluate MetaPO
across three model scales: Mistral-7B-SFT (Tun-
stall et al., 2023), Llama-3-8B-Instruct, and Llama-
3-70B-Instruct (Grattafiori et al., 2024). For train-
ing data, we use UltraFeedback (Cui et al., 2023)
(64k samples) for Mistral, Llama3-UltraFeedback-
ArmoRM (Wang et al., 2024a) (61k samples) for
Llama-3 models, and HH-RLHF (Bai et al., 2022)
(161k samples) to demonstrate scalability. Eval-
uation employs AlpacaEval 2.0 (Dubois et al.,
2024) (805 instructions compared against GPT-4-
Turbo responses) and Arena-Hard (Li et al., 2024)
(500 challenging prompts compared against GPT-
4-0314 responses).

Baselines. We compare against DPO (Rafailov
et al., 2023), SimPO (Meng et al., 2024), FocalPO
(Liu et al., 2025), ORPO (Hong et al., 2024), and
KTO (Ethayarajh et al., 2024). For fair compari-
son, we re-implement FocalPO and SimPO at all
scales using identical experimental settings (hard-
ware, library versions, hyperparameters). Results
for ORPO and KTO at 7B/8B scales are taken from
(Liu et al., 2025) for reference.

Hyperparameters. For MetaPO, we fix: EMA
decay o = 0.9, margin loss weight A = 0.1, meta-
update interval K = 100, and meta learning rate
Ometa = 1 x 1074, All other hyperparameters
(batch size, inner learning rate, DPO temperature
5) follow the settings from (Liu et al., 2025). We
maintain these hyperparameters across all experi-
ments without task-specific tuning.

12365



Method Model WR LCWR Avg
Mistral-7B-SFT
ORPO!  Mistral-7B 12.6 14.7 13.7
KTOf Mistral-7B 12.3 14.9 13.6
DPO Mistral-7B 18.6£0.3 20.6+0.4 19.6
SimPO  Mistral-7B 21.440.5 17.0£0.6 19.2
FocalPO  Mistral-7B 204404 23.9+0.5 222
MetaPO  Mistral-7B 22.8+0.4 25.3+0.3 24.1
Llama-3-8B-Instruct
ORPO!  Llama-3-8B 33.8 38.1 36.0
KTOf Llama-3-8B 31.8 33.1 32.5
DPO Llama-3-8B  47.520.6 48.2+0.7 47.9
SimPO  Llama-3-8B  47.5+0.5 53.7+0.6 50.6
FocalPO Llama-3-8B  49.8+0.5 54.7+04 523
MetaPO Llama-3-8B  51.6+0.4 56.9+0.5 54.3
Llama-3-70B-Instruct
DPO Llama-3-70B  52.3+0.5 55.8+0.6 54.1
SimPO  Llama-3-70B  53.120.4 57.3+0.5 55.2
FocalPO Llama-3-70B 54.2+0.3 58.6+04 564
MetaPO Llama-3-70B  55.9+0.3 60.4+0.4 58.2

Table 1: AlpacaEval 2.0 results (mean+std). MetaPO
consistently achieves the highest performance across all
model scales. TResults from (Liu et al., 2025).

Implementation Details. Our implementation
builds on the TRL library (von Werra et al., 2020)
with DeepSpeed ZeRO-3 (Rasley et al., 2020). All
experiments run on 8x NVIDIA A40 GPUs (48GB
memory each). Training duration is approximately
6 hours for 7B models and 48 hours for 70B mod-
els. We use stratified random sampling to construct
validation sets (3% of training data), ensuring distri-
bution alignment across difficulty levels measured
by initial DPO loss.

4.2 Main Results

Tables 1 and 2 detail performance on AlpacaEval
2.0 and Arena-Hard. MetaPO consistently outper-
forms baselines across all model scales and bench-
marks. We report the mean and standard deviation
over three runs using different seeds, with statisti-
cal significance verified via paired t-tests (p < 0.05
for all improvements over FocalPO).

The results highlight three key trends. First,
MetaPO surpasses FocalPO on AlpacaEval 2.0
by margins of 1.8-2.4 points on WR and 1.4-2.2
points on LCWR. Importantly, MetaPO improves
both metrics simultaneously, whereas baselines like
SimPO often exhibit trade-offs between raw win
rates and length penalties. This indicates that our
method drives genuine alignment quality rather

Method Model Win Rate
Mistral-7B-SFT
ORPO'  Mistral-7B 6.2
KTOf Mistral-7B 8.8
DPO Mistral-7B 16.4+0.5
SimPO Mistral-7B 13.320.6
FocalPO  Mistral-7B 17.1£0.4
MetaPO  Mistral-7B 18.5+0.3

Llama-3-8B-Instruct

ORPO'  Llama-3-8B 26.0

KTO! Llama-3-8B 11.7

DPO Llama-3-8B 33.1+0.7
SimPO Llama-3-8B 33.8+0.6
FocalPO Llama-3-8B 34.6+0.5
MetaPO  Llama-3-8B 36.2+0.4

Llama-3-70B-Instruct

DPO Llama-3-70B  41.2+0.6
SimPO Llama-3-70B  42.5+0.5
FocalPO Llama-3-70B 43.8+£0.4
MetaPO  Llama-3-70B 45.1+0.3

Table 2: Arena-Hard win rates (meanzstd). MetaPO
demonstrates strong gains on this challenging bench-
mark. TResults from (Liu et al., 2025).

than exploiting reward model biases towards longer
responses. Second, gains increase with scale; the
70B model achieves a substantial +1.3 point boost
on Arena-Hard, indicating that temporal features
provide greater value as model capacity and dy-
namic complexity grow. Third, the performance ad-
vantage persists on the rigorous Arena-Hard bench-
mark across all scales, confirming that temporal
awareness generalizes effectively regardless of task
difficulty or model architecture.

4.3 Scalability to Large Datasets

We validate scalability using HH-RLHF (Bai et al.,
2022), which contains 161k preference pairs (2.5x
larger than UltraFeedback), as shown in Table 5.
The consistent improvements demonstrate that tem-
poral feature extraction remains effective at scale.
The memory overhead is negligible, requiring only
6.1 MB to store statistics for 161k samples. Fur-
thermore, the meta-learning framework adapts to
the new distribution without requiring manual hy-
perparameter tuning. Given that HH-RLHF typi-
cally contains more ambiguous labels than Ultra-
Feedback, the sustained performance gap suggests
that MetaPO’s volatility-based filtering becomes
increasingly vital when training on larger, noisier
datasets, effectively isolating valid learning signals
from annotation errors.

12366



Method AlpacaEval Arena-Hard
DPO 47.5£0.6 33.1+0.7
RDO 49.1+0.5 34.0£0.5
FocalPO 49.8£0.5 34.61+0.5
MetaPO 51.61+0.4 36.24+0.4
Table 3: Comparison with RDO on Llama-3-8B.

MetaPO’s temporal features outperform instantaneous
reward difference signals.

4.4 Ablation Studies

Table 6 analyzes the impact of specific feature
groups. The exclusion of volatility features results
in the largest single-group decline (2.9 points on
AlpacaEval, 3.1 on Arena-Hard), suggesting that
detecting unstable learning dynamics is the primary
mechanism for improvement. Furthermore, remov-
ing all temporal components leads to a drop of
over 3.5 points, indicating that historical context
provides signals that instantaneous observations
cannot capture.

We also evaluate the meta-objective design.
Comparing the full objective Lya+ALmargin against
using Ly, alone reveals that the margin preserva-
tion term improves performance by 1.3 points (51.6
vs. 50.3 on AlpacaEval 2.0). This gain suggests
that explicitly maintaining margins on correctly
ranked samples helps prevent catastrophic forget-
ting during the meta-learning process. Additional
ablation experiments on higher-order temporal fea-
tures (Appendix A.10) and carefully tuned non-
linear meta-learners (Appendix A.11) confirm that
the base 6-dimensional feature set and the linear
architecture are sufficient.

4.5 Comparison with Reweighting Baselines

We compare MetaPO against RDO (Wang et al.,
2024b), a recent method that derives closed-form
reweighting coefficients from reward difference
signals. As shown in Table 3, MetaPO outper-
forms RDO by 2.5 points on AlpacaEval and 2.2
on Arena-Hard, demonstrating the advantage of
temporal dynamics over instantaneous reward dif-
ferences. Direct comparison with DORM (Zhang
et al., 2025) is infeasible as it targets reward mod-
eling rather than policy optimization. BPO (Wang
et al., 2025) requires explicit knowledge categoriza-
tion annotations not available in our datasets. We
also validated that MetaPO is complementary to
online DPO methods: combining MetaPO with iter-
ative DPO yields a +2.6 point gain over standalone
iterative DPO (Appendix A.12).

Category DPO FocalPO MetaPO
Writing 8.30 8.55 8.80
Roleplay 7.75 7.95 8.20
Reasoning 5.95 6.15 6.30
Math 5.45 5.55 5.65
Coding 6.45 6.60 6.75
Extraction 7.80 8.00 8.10
STEM 8.35 8.50 8.60
Humanities  9.30 9.35 9.30
Overall 7.42 7.58 7.71

Table 4: MT-Bench per-category results on Llama-3-8B.
MetaPO improves most on preference-sensitive tasks
while maintaining performance on knowledge-heavy
categories.

Dataset

UltraFeedback (64k)
HH-RLHF (161k)

DPO FocalPO MetaPO

48.2+0.6 50.1+0.5 51.8+0.4
44.7+£0.7 46.3£0.6 47.9+0.5

Table 5: Scalability analysis on Llama-3-8B. MetaPO
maintains performance gains on the larger HH-RLHF
dataset.

4.6 Multi-dimensional Evaluation

To evaluate MetaPO beyond win-rate metrics, we
report MT-Bench scores with per-category break-
down in Table 4. Preference-sensitive tasks such as
writing (+0.25) and roleplay (+0.25) benefit most,
while knowledge-heavy tasks show smaller im-
provements. This pattern indicates that MetaPO’s
gains stem from genuine alignment quality on open-
ended generation rather than uniform scaling. Re-
garding safety, we evaluated refusal rates on 200
harmful prompts from BeaverTails: DPO refuses
89.5% while MetaPO refuses 90.0%, confirming
that MetaPO preserves the safety properties of base
DPO. Complete training specifications and per-
epoch convergence analysis are provided in Ap-
pendix A.13.

4.7 Gradient Analysis

To understand how MetaPO’s learned weights mod-
ulate optimization, we analyze the gradient struc-
ture. The gradient of our objective with respect to
parameters 6 can be factorized as:

VoL = —BEp |wg(s)- (1 —pg) -VeArg| (15)
—— ——

Meta DPO

where pg = o(BAry) is the implicit preference
probability, and VyAry is the gradient of the re-
ward margin. Equation 15 shows that the effec-
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Configuration AlpacaEval Arena-Hard
Full model (all features) 51.6+0.4 36.2+0.4
Without margin features 49.240.5 33.8+0.6
Without volatility features 48.7+0.6 33.1+£0.5
Without reference features 50.4+0.5 35.3+£0.5
Without temporal (current only) 48.1+0.5 32.6£0.6

Table 6: Feature ablation on Llama-3-8B. Volatility
and temporal history are the dominant factors driving
performance gains.
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Figure 2: Effective gradient magnitudes. Unlike base-
lines depending solely on probability p, MetaPO utilizes
temporal dynamics to differentiate samples: stable sam-
ples retain high gradients, while volatile samples are
suppressed to mitigate noise.

tive gradient magnitude is determined by the prod-
uct of the standard DPO term (1 — pg) and our
meta-learned weight wy(s). Figure 2 visualizes
this interaction, where the y-axis plots the scalar
product wg(s) - (1 — py) for each sample, repre-
senting the modulation factor that multiplies the
gradient direction VyAry. Unlike FocalPO, which
maps probability p to a static curve (orange line),
MetaPO introduces a dynamic decision boundary
based on learning history. Stable samples (green
circles) maintain high gradients to consolidate mar-
gins, while volatile samples (purple crosses) are
heavily suppressed despite having similar p val-
ues. This bifurcation effectively filters noise while
preserving valuable learning signals. Table 7 quan-
tifies gradient statistics across sample groups. The
key observation is that MetaPO achieves variance
reduction: by downweighting high-volatility sam-
ples, the overall gradient variance decreases by
29% compared to DPO, leading to more stable
training dynamics.

4.8 Weight Distribution Analysis

Figure 3(a)-(b) contrasts the weighting landscapes
of static and adaptive methods. While FocalPO
(Fig. 3a) relies strictly on the instantaneous prob-

Sample Group DPO FocalPO MetaPO
Stable correct (o < 0.1) 0.42 0.51 0.58
Volatile correct (o > 0.3)  0.45 0.52 0.23
Persistent incorrect 0.38 0.15 0.11
Overall 0.082 0.071 0.058

Table 7: Gradient statistics on Llama-3-8B. MetaPO
reduces overall variance by 29% compared to DPO by
selectively upweighting stable samples and downweight-
ing volatile ones.

Feature Group SHAP  Contrib.
Margin (current) 0.082 12.1%
Volatility (current) 0.063 9.3%
Reference (current) 0.051 7.5%
Margin (temporal) 0.145 21.3%
Volatility (temporal) 0.168 24.7%
Reference (temporal)  0.171 25.1%

Table 8: Feature importance. Temporal features (bottom
section) collectively drive the weighting policy, limiting
the influence of instantaneous signals.

ability p, MetaPO (Fig. 3b) constructs a decision
boundary in the (p, o) space. This capability al-
lows the model to isolate samples with high current
probabilities but high historical volatility, effec-
tively assigning them lower weights. Such behavior
demonstrates a learned noise-filtering mechanism
that distinguishes stable convergence from tran-
sient oscillations, which is unattainable with static
functions.

4.9 Interpretability Analysis

Learned Coefficients. We analyze the meta-
parameter vector w in Figure 3(c) to understand
the learned policy. The results support our tempo-
ral hypothesis, as the weights for temporal features
(f1, fa2, f3) generally exceed those of instantaneous
ones. The strong negative coefficient for historical
volatility (fo) indicates that stability serves as a
primary proxy for quality. Additionally, the neg-
ative weight on reference deviation ( f3) suggests
the meta-learner leverages the reference model as
a constraint, penalizing significant drift from the
SFT prior to prevent reward hacking.

SHAP Analysis. Table 8 details the contribution
of each feature to the weighting policy. The results
indicate a clear hierarchy: temporal variants con-
sistently outweigh their instantaneous counterparts.
Specifically, historical reference deviation (f3) and
volatility ( f») emerge as the dominant predictors.
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Figure 3: Weight analysis. (a) FocalPO weights depend solely on probability p, forming static bands. (b) MetaPO
incorporates volatility o to distinguish stable from unstable samples. (c) Learned coefficients w show that temporal

features (e.g., fo, f3) drive the weighting policy.

Sample Subset FocalPO MetaPO A

Stable correct 0.82 0.93 +0.11
Volatile correct 0.84 0.48 -0.36
Persistent incorrect 0.16 0.09 -0.07

Table 9: Weight comparison across subsets defined
by probability p and volatility o: stable correct
(p>0.8,0<0.1), volatile correct (p>0.8,5>0.3), and
persistent incorrect (p<0.3). MetaPO applies a heavy
penalty (-0.36) to volatile samples that static methods
misidentify as high-quality.

This pattern suggests that the meta-learner priori-
tizes long-term consistency and adherence to the
SFT prior over simple reward margins. By relying
on history (accounting for 71.1% of total impor-
tance), the model effectively filters out samples that
are only transiently “correct” due to stochasticity,
favoring those with stable learning trajectories.

Comparison with Static Weighting. Table 9
contrasts the weighting behaviors on representa-
tive sample subsets. A critical divergence occurs
in the “Volatile correct” regime: while FocalPO
assigns high weights (0.84) based solely on high
probability, MetaPO detects the instability and sup-
presses the weight to 0.48. This gap of 0.36 re-
flects a learned penalty for uncertainty. Validation
against human annotations confirms the efficacy
of this strategy; MetaPO weights exhibit a signifi-
cantly stronger correlation with human quality rat-
ings (p = 0.58) compared to FocalPO (p = 0.41,
p < 0.01 for difference), indicating that the meta-
learner successfully mimics human preference for
stable, high-quality responses over high-confidence
noise.

5 Conclusion

We proposed MetaPO to address the lack of tem-
poral awareness in preference optimization. Un-
like static methods, our framework employs meta-
learning to derive adaptive weights from training
trajectories. Experiments demonstrate consistent
improvements across diverse model scales com-
pared to strong baselines. Furthermore, analysis
reveals that the learned policy prioritizes historical
stability over instantaneous states, aligning closely
with human judgment. These findings establish
temporal dynamics as a critical factor for robust
alignment, offering a valuable direction for future
data-centric training strategies.

Limitations

MetaPO requires O(N) additional memory for tem-
poral statistics (40 bytes per sample), scaling to 381
MB for 10M and 3.7 GB for 100M samples; for
billion-scale datasets, statistics can be offloaded
to CPU memory or approximated via hash-based
structures. Performance depends on validation
set quality, though our robustness analysis (Ap-
pendix A.5) suggests reasonable stability. The lin-
ear meta-network prioritizes interpretability over
expressiveness, though tuned MLP experiments
(Appendix A.11) confirm the linear form is suffi-
cient. Direct comparison with BPO (Wang et al.,
2025) was infeasible due to unavailable knowledge
categorization annotations.

Generative Al Disclosure. During the prepara-
tion of this work, the authors used Claude to im-
prove the language and grammar of the manuscript.
After using this tool, the authors reviewed and
edited the content as needed and take full responsi-
bility for the final version of the paper.
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A Additional Experimental Results and
Analysis

A.1 Complete Baseline Comparisons

We provide a comprehensive evaluation of MetaPO
against a wider range of preference optimization
methods to contextualize its performance. Table 10
details the results across Mistral-7B and Llama-
3 (8B and 70B) architectures, incorporating base-
lines such as ORPO and KTO alongside the pri-
mary comparisons. The data reveals that while
reference-free methods like ORPO and KTO of-
fer training efficiency, they generally lag behind
pairwise optimization approaches in terms of final
alignment quality on these benchmarks. MetaPO
consistently outperforms all tested baselines, in-
cluding the strong SimPO and FocalPO methods.
Notably, the performance gap is maintained across
both the general-purpose AlpacaEval 2.0 and the
more reasoning-intensive Arena-Hard, suggesting
that the benefits of temporal weighting are robust
to different evaluation protocols and model capa-
bilities.

Method Model AlpacaEval Arena-Hard
ORPO'  Mistral-7B 12.6 6.2
KTO' Mistral-7B 12.3 8.8
DPO Mistral-7B 18.6+0.3 16.4+0.5
SimPO  Mistral-7B 21.4+0.5 13.320.6
FocalPO  Mistral-7B 20.4+0.4 17.1+0.4
MetaPO  Mistral-7B 22.8+0.4 18.5+0.3
ORPO'"  Llama-3-8B 33.8 26.0
KTO' Llama-3-8B 31.8 11.7
DPO Llama-3-8B  47.5+0.6 33.1+0.7
SimPO  Llama-3-8B  47.5+0.5 33.840.6
FocalPO Llama-3-8B  49.8+0.5 34.6+0.5
MetaPO  Llama-3-8B  51.6+0.4 36.2+0.4

Table 10: Complete comparison with all baseline meth-
ods (meanzstd over 3 runs). MetaPO establishes a new
state-of-the-art across scales. TResults from (Liu et al.,
2025).

A.2 Meta-Update Frequency Ablation

To balance computational efficiency with learning
stability, we employ a sparse meta-update strat-
egy. Table 11 investigates the impact of the up-
date interval K on model performance and training
overhead. More frequent updates (e.g., K = 10)
introduce significant computational costs due to the
additional backward passes required for the bilevel
optimization, yet they yield diminishing returns
in performance. Conversely, extremely sparse up-
dates (K = 500) fail to adapt the weights rapidly
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enough to match the shifting training dynamics.
The default setting of K = 100 represents an effec-
tive equilibrium, where the meta-learner receives
sufficient feedback to adjust the policy without im-
posing an excessive penalty on training throughput.

K AlpacaEval Time Overhead
10 51.4+0.5 6.8h +13.3%
50 51.5+0.4 6.4h +6.7%
100 (default) 51.6+0.4 6.3h +5.0%
200 51.3%0.5 6.1h +1.7%
500 50.8+0.6 6.0h +0.0%

Table 11: Meta-update frequency ablation. K = 100
provides the optimal trade-off between alignment qual-
ity and computational cost.

A.3 Meta-Network Architecture Ablation

We examined whether increasing the expressivity
of the meta-network would enhance the weighting
policy. As shown in Table 12, we compared the
default linear mapping against Multi-Layer Percep-
trons (MLPs) of varying depth and an attention-
based architecture. The results indicate that added
complexity provides negligible performance gains
and, in some cases, slightly degrades stability. The
linear model achieves the highest score while main-
taining minimal parameter count and maximum
interpretability. This finding suggests that the tem-
poral features themselves capture the necessary
signal for sample weighting, making complex non-
linear transformations unnecessary for this specific
task.

A.4 Validation Set Size Ablation

The quality of the meta-learning signal depends on
the representativeness of the validation set Dy,;. Ta-
ble 13 explores the relationship between validation
set size and downstream performance. We observe
a performance saturation point at approximately
2,000 samples, corresponding to roughly 3.2% of
the training data. Using a very small validation set
(500 samples) leads to higher variance and subopti-
mal weights, likely due to an inability to cover the
distribution of difficulty levels present in the train-
ing data. Conversely, increasing the size beyond
5,000 samples yields no additional benefit. Based
on these empirical results, we adopt a heuristic of
using approximately 3% of the training data size
for validation across all experiments.

Architecture Params AlpacaEval Time Interp.
Linear (default) 7 51.6+0.4 6.3h High
MLP (6-32-1) 225 51.74£0.5 6.5h Low
MLP (6-64-32-1) 2145 51.5+0.6 6.8h Low
Attention (2 heads) 156 51.3+0.5 6.7h Med

Table 12: Architecture comparison. The linear model
is sufficient for mapping temporal features to weights,
offering the best efficiency and interpretability.

Val. Set Size Ratio  AlpacaEval 2.0
500 0.8% 50.3+0.7
1,000 1.6% 50.9+0.6
2,000 (default)  3.2% 51.6+0.4
5,000 8.0% 51.7+0.5
10,000 16.0% 51.6+0.5

Table 13: Effect of validation set size. Performance
stabilizes when the validation set covers approximately
3% of the training data.

A.5 Validation Set Robustness Analysis

A potential concern with meta-learning is sensi-
tivity to the specific composition of the validation
set. Table 14 addresses this by evaluating perfor-
mance across different splitting strategies and un-
der noisy conditions. Stratified sampling yields
the best results by ensuring a balanced coverage
of initial difficulty levels, though random splitting
remains competitive. Most notably, the method
demonstrates significant resilience to label noise.
Even when 10% of the validation labels are cor-
rupted, the performance drop is less than 1 point.
This robustness implies that the meta-learner fo-
cuses on the dominant patterns of learning stability
rather than overfitting to individual noisy validation
examples.

Validation Strategy AlpacaEval 2.0
Random split 51.6+0.4
Stratified split (by difficulty) 51.8+0.3
Temporal split (last 20%) 51.240.5
Noise Injection
Clean validation 51.6+0.4
10% label noise 50.9+£0.5
20% label noise 49.8+0.6

Table 14: Robustness analysis. MetaPO remains ef-
fective across different splitting strategies and exhibits
resilience to moderate label noise in the validation set.

A.6 Comparison with Alternative
Meta-Objectives

The choice of meta-objective determines the di-
rection of the weighting policy optimization. We
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tested alternative formulations in Table 15, specifi-
cally looking at the inclusion of entropy regulariza-
tion to encourage weight diversity. While adding
an entropy term provides a minor improvement
over using validation loss alone, it introduces an
additional hyperparameter to tune. The margin
preservation term Lpargin proved to be the most ef-
fective auxiliary component. This term explicitly
encourages the model to maintain strong signals
on correctly learned samples, which appears to be
more critical for preventing catastrophic forgetting
than simply maximizing weight entropy.

Meta-Objective AlpacaEval 2.0
Lya only 50.3+0.5
Lyvat + ALmargin (default) 51.6x0.4
Eval + Aﬁentropy 50.8+0.5
£val + A [«margin + )\2£emropy 51.4+0.5

Table 15: Meta-objective ablation. The explicit margin
preservation term provides a stronger learning signal
than entropy regularization.

A.7 Memory Overhead Analysis

We analyze the computational cost of MetaPO in
Table 16. The method introduces a modest mem-
ory overhead, primarily during the meta-update
step where gradients must be tracked through the
inner loop. For a 7B model, this results in a peak
memory increase of approximately 1.9 GB, while
for a 70B model, the increase is 5.4 GB. These
values represent less than a 5% increase relative to
standard DPO training. This efficiency is achieved
through our sparse update schedule (K = 100)
and the use of a lightweight linear meta-network,
making MetaPO feasible for training large-scale
models on standard hardware configurations.

Model Method Peak (GB) Avg (GB) Spike
7B DPO 38.2 36.5 —
7B MetaPO 40.1 37.8 +1.9 GB
70B DPO 176.3 172.1 —
70B MetaPO 181.7 174.6 +5.4 GB

Table 16: Memory consumption. The additional mem-
ory requirement is minimal, ensuring feasibility for
large-scale training.

A.8 Comparison with Static Filtering
Baselines

To demonstrate that dynamic weighting offers ad-
vantages over simply discarding data, we com-

pared MetaPO against static filtering baselines in
Table 17. Methods such as perplexity-based fil-
tering or curriculum learning based on initial loss
provide moderate gains over standard DPO by re-
moving obvious outliers. However, they fall short
of the performance achieved by MetaPO. The supe-
riority of our approach likely stems from its ability
to continuously adapt the weight of a sample as
training progresses. A sample that appears noisy
initially might become learnable later, or a seem-
ingly good sample might exhibit unstable gradients;
static filtering cannot accommodate these evolving
dynamics.

Method AlpacaEval 2.0
DPO (no filtering) 47.5+0.6
Perplexity filtering (top 80%) 48.9+0.5
Loss-based curriculum 49.2+0.6
FocalPO 49.8+0.5
MetaPO 51.6+0.4

Table 17: Comparison with static filtering. Dynamic
weighting significantly outperforms static selection
strategies.

A.9 Hyperparameter Sensitivity

Finally, we examine the sensitivity of MetaPO to its
two primary hyperparameters: the EMA decay rate
« and the margin loss weight A. Table 18 shows
that performance remains robust within a reason-
able range of values. The decay rate « controls the
memory horizon of the temporal features; values
between 0.8 and 0.95 all yield strong results, indi-
cating that the exact length of the history window
is less critical than the presence of history itself.
Similarly, the margin weight X is effective around
0.1, balancing the validation loss against margin
preservation. The stability of these hyperparame-
ters across experiments suggests that MetaPO does
not require extensive per-task tuning.

Configuration AlpacaEval 2.0
EMA decay o
a=0.8 51.1£0.5
a = 0.9 (default) 51.6+0.4
a=0.95 51.3£0.5
Margin loss weight A
A=0.05 51.0£0.5
A = 0.1 (default) 51.6+0.4
A=02 51.4+0.5

Table 18: Hyperparameter sensitivity. The method is
robust to small variations in « and .
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A.10 Higher-order Feature Ablation

To evaluate whether richer temporal statistics im-
prove performance, we augmented the base 6-
dimensional feature set with higher-order features.
As shown in Table 19, adding skewness, kurtosis,
gradient norms, or margin derivatives provides neg-
ligible improvement, confirming that the first two
moments plus reference divergence capture the es-
sential signal for sample characterization.

Feature Set AlpacaEval Arena-Hard
Base (6 features) 51.6:0.4 36.2+0.4
+ Skewness of margin 51.7£0.5 36.1£0.5
+ Kurtosis of margin 51.5£0.5 36.0£0.5
+ Gradient norm (curr + EMA) 51.8£0.5 36.3£0.5
+ Rate of change (derivative) 51.6+0.5 36.2+0.5

Table 19: Higher-order feature ablation on Llama-3-8B.
Additional temporal statistics beyond the base features
provide negligible improvement.

A.11 Tuned Non-linear Meta-learner

We conducted additional experiments with care-
fully tuned MLP variants to address whether the
linear meta-network under-represents feature in-
teractions. As shown in Table 20, the best MLP
variant (6-32-1, Ir=5 x 10~?) achieves 51.8 on Al-
pacaEval, falling within the standard deviation of
the linear model. This confirms that the temporal
features carry sufficient discriminative information
and non-linear capacity yields diminishing returns.

Architecture Meta LR  AlpacaEval Arena-Hard
Linear (default) 1x107* 51.6+0.4 36.2+0.4
MLP (6-32-1) 1x107* 51.7+0.5 36.0+0.5
MLP (6-32-1) 5x107°  51.8+0.4 36.3+£0.5
MLP (6-64-32-1) 5 x 107° 51.640.6 36.1+0.5
MLP (6-64-32-1) 1x107°  51.5£0.5 35.9+0.6

Table 20: Non-linear meta-learner comparison with
tuned learning rates on Llama-3-8B. The best MLP
variant falls within the standard deviation of the linear
model.

A2

Online DPO methods address distributional mis-
match by iteratively collecting fresh preference
data, while MetaPO addresses a different problem:
within a fixed dataset, optimal sample contribu-
tions evolve over time. To validate that the two ap-
proaches are complementary, we applied MetaPO
weighting on top of iterative DPO. As shown in
Table 21, combining the two yields a +2.6 point

Complementarity with Online DPO

gain over standalone iterative DPO, confirming that
temporal weighting provides orthogonal benefits to
data freshness.

Method AlpacaEval (Llama-3-8B)
DPO (offline) 47.540.6
Iterative DPO (3 iter.) 50.240.5
MetaPO (offline) 51.6+0.4
Iterative DPO + MetaPO 52.8+0.5
Table 21: Complementarity with online methods.

MetaPO provides additive gains when combined with
iterative DPO.

A.13 Training Details and Convergence

Table 22 provides complete training specifications.
Per-epoch performance on Llama-3-8B (Table 23)
shows that the meta-network’s validation loss de-
creases monotonically and the performance gap be-
tween MetaPO and baselines widens across epochs,
indicating no overfitting. The weight distribu-
tion entropy remains stable across epochs (H =
2.31,2.28, 2.25), confirming that the meta-network
does not collapse to degenerate solutions. Each
sample stores 6 EMA values (24 bytes in float32)
plus Welford auxiliary variables M5 and count (16
bytes), totaling 40 bytes per sample. For the largest
dataset (HH-RLHF, 161k samples), this amounts
to 6.1 MB.

Setting UF (7B) UF-ArmoRM (8B) HH-RLHF (8B)
Training samples 64,000 61,000 161,000
Validation samples 1,920 (3%) 1,830 (3%) 4,830 (3%)
Epochs (V) 3 3 2

Total steps ~6,000 ~5,700 ~10,000
Per-sample storage 40 bytes 40 bytes 40 bytes
Total extra storage 2.4 MB 2.3 MB 6.1 MB

Table 22: Training data and storage specifications across
all experimental settings.

Epoch DPO FocalPO MetaPO Valloss

1 442 46.5 483 0.682
46.8 49.1 51.0 0.671

3 47.5 49.8 51.6 0.668

Table 23: Per-epoch AlpacaEval 2.0 WR on Llama-3-
8B. MetaPO’s validation loss decreases monotonically
with no sign of overfitting.

B Detailed Case Studies

To provide concrete insight into the MetaPO
weighting mechanism, we analyze four represen-
tative samples that illustrate different learning dy-
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namics. Beyond these specific examples, we quanti-
tatively validated the approach by obtaining human
quality ratings for 100 randomly sampled valida-
tion instances (1-5 scale). The analysis reveals that
MetaPO weights correlate significantly better with
human judgment (p = 0.58, p < 0.001) than the
static FocalPO weights (p = 0.41, p < 0.001). The
difference in correlation coefficients is statistically
significant (Fisher’s z-test, p = 0.012), confirming
that the learned temporal policy effectively proxies
human quality assessment.

B.1 Case 1: Stable Correct Sample

Sample UF-12847 illustrates the ideal learning
scenario. The prompt asks to “Explain the differ-
ence between supervised and unsupervised learn-
ing.” Throughout training, the model maintains
a high margin (f; = 1.38, fi = 1.29) with mini-
mal volatility (fo = 0.09) and low deviation from
the reference model (f3 = 0.12). MetaPO identi-
fies this stability through the positive coefficient
for historical margin and the negative coefficient
for volatility. Consequently, it assigns a weight of
0.94, which is 13 percentage points higher than
FocalPO (0.81). This upweighting reinforces the
model’s confidence in well-established, unambigu-
ous knowledge, serving the margin preservation
objective.

B.2 Case 2: Volatile Correct Sample
(Suspected Noise)

Sample UF-34521 demonstrates the noise-filtering
capability of the volatility feature. The prompt
asks, “Should I invest in cryptocurrency?” The
dataset prefers a response emphasizing decentral-
ization, while the dispreferred response highlights
risks; manual inspection suggests both are reason-
able and the preference label is arbitrary. Although
the model currently ranks the sample correctly
(f1 = 0.92), the learning history is erratic, char-
acterized by high historical volatility (fo = 0.42)
and significant deviation from the reference model
( fg = 0.78). Unlike FocalPO, which assigns a high
weight of 0.83 based solely on the current proba-
bility, MetaPO penalizes the historical instability
and assigns a significantly lower weight of 0.39.
This substantial reduction (A = —0.44) prevents
the model from overfitting to ambiguous or noisy
preference labels.

B.3 Case 3: Recently Learned Sample

Sample UF-28193 (“Implement a Python function
for binary search...”) exemplifies how MetaPO im-
plements an implicit curriculum. At step 100, the
model ranks the pair incorrectly (f; = —0.42),
resulting in a low weight of 0.31. By step 300,
the model begins to learn the preference (f; =
0.15), but the historical average remains negative
(fi = —0.12), signaling a recent transition. The
meta-learner assigns a moderate weight of 0.48,
acknowledging the state change. Finally, by step
500, both instantaneous and historical margins are
positive (f; = 0.81, f; = 0.52), and the weight in-
creases to 0.73. This dynamic progression ensures
that the training focus shifts adaptively toward sam-
ples as they become learnable, rather than treating
them statically throughout the process.

B.4 Case 4: Reference Deviation (Suspected
Label Error)

Sample UF-41256 highlights the role of the ref-
erence model as a quality anchor. For the fac-
tual prompt “What is the capital of France?”, the
dataset prefers a verbose, flowery paragraph (y,,)
over the concise and correct answer “Paris” (y;).
The reference model, having been fine-tuned on
high-quality instruction data, favors the concise an-
swer (Ars = —0.53). This conflict generates a
persistent deviation signal (f3 = 1.18). MetaPO
leverages the negative coefficient associated with
reference deviation to assign a low weight of 0.27,
despite the policy model potentially overfitting to
the verbose preference (Arg = 0.87). This mecha-
nism effectively downweights samples where the
preference annotation contradicts the prior knowl-
edge encoded in the SFT model, offering robust-
ness against label errors or stylistic inconsistencies.

C SHAP Analysis Details
C.1 Methodology

To interpret the learned meta-policy, we utilized
SHAP (SHapley Additive exPlanations) values,
which provide a unified measure of feature impor-
tance. We employed the KernelExplainer from
the shap library (Lundberg and Lee, 2017) to ap-
proximate these values. The estimation process
involved sampling 1,000 instances from the Llama-
3-8B validation set to serve as the foreground
dataset, while a separate set of 100 background
samples was used to estimate the expected model
output. For each instance, we computed the full
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Algorithm 2 Temporal Feature Tracking via
Welford’s Algorithm
1: Input: Batch of samples B, decay rate «

2: Persistent State:
EMAA,,EMA,,EMAD,.,, M2,count for all %

for each sample ¢ in batch B do

3:

4 fi1 < Arél) {Current reward margin}

5:  f3 < Dxu(me||met) {Current reference deviation}

6: Update Welford’s statistics:

7 count|¢] < count[i] 4+ 1

8: 0 +— f1 — EMAAr[i}

9:  Msli] « Ma[i] + 9 x (fr — EMAA-[i])

10:  fa < +/M:]i]/count[i] {Current volatility }

11: Update Exponential Moving Averages:

12: EMAA,AM — - EMAAr[i] + (1 — Oé) - fi

13:  EMA,[i] + a-EMAG[{] + (1 — &) - f2

14: EMADKL[i] <—a-EMADKL[’i]+(1—Oc)-f3

15: end for

16: Return Feature vectors S; =
[fla EMAA-r [Z]a f2a EMA, [ZL f37 EMADKL [Z”

six-dimensional feature vector s € RS and calcu-
lated the SHAP values with respect to the output of
the meta-weight network wg(s). This approach al-
lows us to attribute the magnitude of the predicted
sample weight directly to the contribution of each
temporal and instantaneous feature.

C.2 Feature Interactions

While individual feature importance provides
a high-level overview, the linear meta-network
can also capture dependencies between features
through the combination of its inputs. Table 24
quantifies the strength of pairwise interactions. The
most significant interaction occurs between his-
torical margin (f;) and historical volatility (f).
This relationship reveals a nuanced weighting strat-
egy: a high margin alone does not guarantee a high
weight if it is accompanied by high volatility. In-
stead, the meta-learner dampens the contribution
of samples that are correct on average but unstable,
effectively implementing a "trust but verify" mech-
anism. Similarly, the interaction between volatility
and reference deviation (f x f3) suggests that in-
stability is penalized more heavily when the sam-
ple also diverges significantly from the reference
model, serving as a robust filter for potential anno-
tation errors.

D Discussion

D.1 Mechanisms Underlying MetaPO

Our empirical results and manual analyses point
to three distinct mechanisms that drive the perfor-
mance of MetaPO. First, the framework employs

volatility-based noise detection to filter low-quality
data. By downweighting unstable samples, the
method reduces negative transfer and lowers the
gradient variance by 29%, as shown in Table 7.
We validated this by inspecting 200 samples cate-
gorized by their volatility and final margin; sam-
ples with high volatility but low final margins re-
ceived significantly lower quality scores (2.1/5)
compared to stable samples (4.6/5). Interestingly,
samples with high volatility but high final mar-
gins received moderate weights (0.48), suggesting
the meta-learner distinguishes between destructive
noise and difficult-but-learnable examples.

Second, the method facilitates the consolida-
tion of stable knowledge. By assigning higher
weights to samples with sustained positive mar-
gins, MetaPO reinforces well-learned preferences.
This effect helps mitigate catastrophic forgetting, a
conclusion supported by the ablation study where
the margin preservation term contributed 1.3 points
to the final performance.

Third, the framework leverages prior knowledge
to ensure robustness. The reference deviation fea-
tures allow the meta-learner to detect potential dis-
tribution shifts or annotation errors that contradict
the supervised fine-tuning prior. The substantial
SHAP contribution of temporal reference features
(25.1%) confirms that the model actively uses this
signal to anchor the preference optimization pro-
cess.

D.2 Comparison with FocalPO

We investigated whether the learned weighting
policy of MetaPO could be approximated by the
static function used in FocalPO. Fitting the learned
weights to the family of curves defined by p”
yielded a best-fit parameter of v = 1.3. How-
ever, the coefficient of determination was only
R? = 0.62, indicating that a static function of
probability explains only a portion of the variance
in MetaPO’s weights. The key differentiator is the
response to volatility; for samples with identical
preference probabilities p but differing volatility o,
MetaPO assigns weights that differ by an average
of 0.31. This orthogonal signal allows MetaPO
to separate stable signal from confident noise, a
distinction that FocalPO cannot make by design.
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Feature Pair Interaction Strength

1 (hist. margin) x f> (hist. volatility) 0.042
f2 (hist. volatility) x f3 (hist. deviation) 0.038
f1 (current margin) x f; (hist. margin) 0.021

Table 24: Pairwise feature interactions. The interaction between margin and volatility indicates that the model
modulates the value of correct predictions based on their stability.

E Implementation Details

E.1 Efficient Temporal Tracking

To maintain computational efficiency during train-
ing, we implement online feature extraction using
Welford’s algorithm. This approach allows us to
compute the running variance and mean without
storing the full history of gradients for each sam-
ple, which would be memory-prohibitive. Algo-
rithm 2 outlines the procedure. We maintain per-
sistent states for the Exponential Moving Averages
(EMAs) of the margin, volatility, and KL diver-
gence, as well as the auxiliary variables required
for Welford’s method (M5 and count). These states
are updated in-place during each forward pass, en-
suring that the memory overhead remains constant
at O(INV) regardless of the total number of training
steps.
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