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ABSTRACT

The alignment of Large Language Models (LLMs) with human preferences is crit-
ically undermined by noisy labels in training datasets. Existing robust methods
often prove insufficient, as they rely on single, narrow heuristics such as perplex-
ity or loss, failing to address the diverse nature of real-world noise. We challenge
this limited-scope approach by introducing a new paradigm where models learn
to diagnose thyself, systematically fusing multiple streams of intrinsic feedback
for a holistic reliability assessment of each preference pair. We instantiate this
paradigm through a meta-learning methodology that learns to adaptively reweight
samples based on a rich diagnostic vector. This vector captures three comple-
mentary perspectives: preference consistency, learning difficulty, and generation
confidence. Extensive experiments demonstrate that our approach significantly
outperforms state-of-the-art methods across various noise conditions. Crucially,
our work provides the first quantitative analysis of these intrinsic diagnostics, re-
vealing that their fusion is essential for overcoming the blind spots inherent in any
single heuristic. This diagnostic-driven paradigm offers a principled path towards
developing more robust and trustworthy LLMs.

1 INTRODUCTION

Large Language Models (LLMs) have demonstrated remarkable capabilities across a wide range of
tasks (Brown et al., 2020; Touvron et al., 2023). A crucial step in realizing their full potential lies
in aligning these models with human preferences, ensuring they are helpful, harmless, and honest
(Cao et al., 2021; Bai et al., 2022). This alignment process often relies on preference datasets, where
humans or AI systems indicate preferred responses among candidate pairs (Christiano et al., 2017;
Stiennon et al., 2020; Rafailov et al., 2023b). However, these datasets are often plagued by noisy
preferences (NPs), where the recorded preference label is incorrect due to annotator disagreement,
subjective biases, or errors in AI-based labeling (Gao et al., 2024; Zheng et al., 2023; Baumgärtner
et al., 2024; Yi et al., 2024). NPs can severely degrade alignment quality, leading to poor model per-
formance and the reinforcement of undesirable behaviors (Gao et al., 2024; Rafailov et al., 2023b).

To mitigate the impact of NPs, existing robust alignment methods can be broadly categorized into
two groups. The first group employs coarse-grained adjustments, such as modifying the loss func-
tion with global noise estimates (Rafailov et al., 2023a; Chowdhury et al., 2024). While offering
some robustness, these methods lack the precision to handle instance-specific noise, treating all
samples equally regardless of their individual characteristics. The second group leverages single-
heuristic criteria to identify and correct or down-weight potentially noisy samples. A prominent
example is Kong et al. (2024), who utilize the perplexity difference (PPLDiff) between preferred
and dispreferred responses as a signal for label inconsistency. While these methods offer instance-
level granularity, they rely on a single, often myopic heuristic, neglecting the multifaceted nature
of preference reliability. For instance, PPLDiff may be misleading when dealing with fluent but
factually incorrect responses, or when the model is inherently uncertain about the best response due
to subjective or nuanced queries.

To address the limitations of existing approaches, we introduce a new paradigm for robust preference
alignment: Aligner, Diagnose Thyself. Instead of relying on a single, potentially flawed signal,
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our paradigm empowers the alignment model to act as its own diagnostician, systematically fusing
multiple streams of intrinsic feedback to assess the reliability of each preference pair. We argue that
preference reliability is not a monolithic property, but rather a multifaceted construct that can be
best understood by considering complementary perspectives derived from the model’s internal state.
Specifically, we identify three key perspectives that, when combined, provide a more holistic and
reliable assessment of preference quality:

• Preference Consistency: Does the model’s likelihood estimation align with the provided
preference label? This is captured by the dynamic perplexity difference (PPLDiff) between
the preferred and dispreferred responses, reflecting the model’s intrinsic assessment of their
fluency and plausibility (Kong et al., 2024).

• Learning Difficulty: How easily does the model assimilate the preference information?
This is quantified by the training loss incurred by the preference pair, reflecting the degree
to which the sample aligns with the model’s current understanding of the task (Ren et al.,
2018; Shu et al., 2019). High loss values may indicate noisy labels or challenging edge
cases.

• Generation Confidence: How certain is the model in its generation process? This is
estimated by the uncertainty associated with the model’s token predictions, reflecting the
model’s internal confidence in its chosen responses. High uncertainty may suggest that
the model is struggling to distinguish between plausible alternatives, potentially indicating
subjective or ambiguous preferences.

These three perspectives, while individually informative, are inherently limited. PPLDiff can be
misled by fluent misinformation, loss can be high for both noisy and genuinely difficult examples,
and uncertainty can arise from both ambiguity and a lack of knowledge. Therefore, a robust align-
ment method must be able to intelligently fuse these diverse and sometimes conflicting signals to
arrive at a more informed assessment of preference reliability.

We operationalize this paradigm with a novel meta-learning methodology that learns to adaptively
reweight training samples based on a rich diagnostic vector. This vector captures the three aforemen-
tioned intrinsic feedback signals, allowing the model to dynamically adjust its learning process based
on its own self-assessment. By training a meta-learner to interpret this diagnostic vector and assign
appropriate weights, we enable the model to prioritize reliable preferences while down-weighting
potentially noisy ones.

The contributions of this work are as follows:

• We introduce a new paradigm for robust preference alignment based on fusing multiple
intrinsic model diagnostics, empowering models to diagnose thyself instead of relying on
single, potentially flawed heuristics.

• We instantiate this paradigm with a novel meta-learning methodology that learns to weigh
samples based on a diagnostic vector capturing preference consistency, learning difficulty,
and generation confidence.

• We provide the first systematic analysis of the interplay and relative importance of these
intrinsic diagnostics, revealing that their fusion is essential for overcoming the limitations
inherent in any single heuristic.

• We conduct comprehensive experiments to demonstrate our method’s superiority over
state-of-the-art baselines under various noise conditions, including strong baselines uti-
lizing perplexity differences.

2 RELATED WORK

Our work is situated at the intersection of three research areas: robust preference alignment for
LLMs, learning with noisy labels, and meta-learning for robustness.

LLM Alignment with Noisy Preferences. Aligning LLMs with human values via preference data
is a cornerstone of modern AI safety (Ouyang et al., 2022; Bai et al., 2022), with methods like Rein-
forcement Learning from Human Feedback (RLHF) (Christiano et al., 2017; Stiennon et al., 2020)
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and Direct Preference Optimization (DPO) (Rafailov et al., 2023b) being widely adopted. However,
the susceptibility of these methods to noisy preferences is a well-documented challenge (Gao et al.,
2024; Zheng et al., 2023). Initial efforts to address this focused on robust loss formulations. For
instance, cDPO (Rafailov et al., 2023a) and rDPO (Chowdhury et al., 2024) introduce confidence
scaling or label smoothing based on a global noise estimate, applying a uniform correction across
all samples. More recently, methods have shifted towards instance-level heuristics. A notable ex-
ample is PerpCorrect (Kong et al., 2024), which uses the perplexity difference (PPLDiff) between
responses as a direct signal to detect and flip potentially mislabeled preferences. While effective,
these approaches remain confined to a single diagnostic perspective. Our work departs from this
single-heuristic paradigm. Instead of relying solely on PPLDiff or any other individual signal, we
propose a more holistic approach that systematically fuses multiple intrinsic diagnostics to achieve
a more nuanced and reliable assessment of data quality.

Learning with Noisy Labels (NLL). The problem of learning from corrupted supervision is a
long-standing challenge in machine learning (Frénay & Verleysen, 2013; Song et al., 2022). Sample
reweighting is a prominent paradigm within NLL, where the core idea is to down-weight instances
that are likely to be mislabeled (Liu & Tao, 2015; Jiang et al., 2018). Various strategies have been
proposed to determine these weights, often based on heuristics like the training loss of a sample—
the intuition being that noisy samples tend to have higher loss values (Han et al., 2018; Shu et al.,
2019). Our work adapts this established sample reweighting principle to the unique context of LLM
preference alignment. However, we extend it in a crucial way: rather than relying only on training
loss, which can be ambiguous (confusing noisy samples with hard-but-clean ones), we enrich the
reweighting decision with complementary diagnostics like preference consistency and generation
confidence, providing a more robust foundation for weight assignment.

Meta-Learning for Robustness. Meta-learning, or “learning to learn”, has proven to be a pow-
erful technique for designing adaptive training algorithms. In the context of robust learning, a par-
ticularly successful application has been to meta-learn a sample reweighting function (Ren et al.,
2018; Shu et al., 2019; Jamal et al., 2020). These methods typically train a small neural network
(a “meta-net”) to map features like training loss to sample weights, with the meta-net’s parameters
being optimized based on performance on a small, clean meta-dataset. Our methodology builds
directly upon this meta-learning foundation. Our key novelty lies in what we feed into the meta-
learner. To our knowledge, we are the first to propose using a vector of rich, dynamically computed
model diagnostics—encompassing not just loss but also PPLDiff and uncertainty—as input to the
meta-learning process for LLM alignment. This allows the meta-learner to make more sophisticated,
context-aware decisions, effectively learning a data-driven fusion strategy for these diverse feedback
streams, a significant step beyond prior work that used simpler, uni-dimensional inputs.

3 METHODOLOGY

In this section, we formally introduce our paradigm for robust preference alignment. We begin
by defining the problem setup and then detail the construction of our multi-perspective diagnostic
vector. Finally, we present our meta-learning methodology for learning to fuse these diagnostics to
achieve robust alignment. The overall architecture of our approach is illustrated in Figure 1.

3.1 PRELIMINARIES: DIRECT PREFERENCE OPTIMIZATION

We build upon the Direct Preference Optimization (DPO) framework (Rafailov et al., 2023b). Let
D = {(x(i), y

(i)
w , y

(i)
l )}Ni=1 be a preference dataset, where x(i) is a prompt, y(i)w is the preferred

response, and y
(i)
l is the dispreferred response. DPO aims to train an LLM policy πθ to satisfy these

preferences, starting from a reference policy πref (typically an SFT model). The DPO loss for a
single preference pair is given by:

LDPO(πθ, πref) = − log σ

(
β log

πθ(yw|x)
πref(yw|x)

− β log
πθ(yl|x)
πref(yl|x)

)
(1)

where β is a hyperparameter that controls the deviation from the reference policy, and σ(·) is the lo-
gistic function. When the training dataset D contains noisy preferences (i.e., (yw, yl) are swapped),
directly minimizing this loss can lead the model to learn incorrect behaviors.
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Figure 1: An overview of our diagnostic-driven meta-learning paradigm.

3.2 CONSTRUCTING THE INTRINSIC DIAGNOSTIC VECTOR

Our core premise is that a model’s own internal state provides rich, multi-faceted feedback about
the reliability of a given preference pair. We capture this feedback in a dynamic intrinsic diagnostic
vector, z ∈ Rd, computed for each sample at every training step. This vector comprises three key
components, each offering a complementary perspective on data quality.

Preference Consistency (zppl). A well-aligned model should assign a higher likelihood (lower
perplexity) to a genuinely preferred response. A deviation from this expectation is a strong indicator
of a potential label-model conflict. We quantify this using the log-perplexity difference (PPLDiff),
computed dynamically with the current policy πθt at training step t:

z
(i)
ppl = log PPL(πθt , [x

(i); y(i)w ])− log PPL(πθt , [x
(i); y

(i)
l ]), (2)

where PPL(π, s) = exp(− 1
|s|
∑|s|

k=1 log π(sk|s<k)). A positive z
(i)
ppl suggests that the labeled win-

ning response is less likely under the current model than the losing one, flagging it as a potential
NP.

Learning Difficulty (zloss). The magnitude of the training loss for a sample reflects how inconsis-
tent it is with the model’s current parameterization. Noisy samples often present conflicting gradi-
ents, resulting in higher loss values. We use the instance-wise DPO loss itself as a signal of learning
difficulty:

z
(i)
loss = LDPO(πθt , πref; (x

(i), y(i)w , y
(i)
l )). (3)

This provides a direct measure of how “surprising” a given preference is to the model.

Generation Confidence (zuncert). Beyond likelihood, the model’s confidence during the genera-
tion process offers another valuable signal. A model that is uncertain about its token predictions for
a given response may be grappling with ambiguity or subjectivity in the prompt, making the corre-
sponding preference label less reliable. We measure this confidence using the average token-level
entropy of the generated responses. Specifically, for a response y = (y1, . . . , ym), the uncertainty
is:

H(y|x;πθt) = −
1

m

m∑
j=1

∑
v∈V

πθt(v|x, y<j) log πθt(v|x, y<j), (4)

where V is the vocabulary. High entropy indicates low confidence. We use the uncertainty of the
preferred response as our diagnostic signal, z(i)uncert = H(y

(i)
w |x(i);πθt), as noisy preferences often

correspond to less coherent or confident generations for the supposed winner.
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The final diagnostic vector for sample i at step t is the concatenation of these normalized compo-
nents: z(i)t = [norm(z

(i)
ppl), norm(z

(i)
loss), norm(z

(i)
uncert)].

3.3 A META-LEARNING FORMULATION FOR FUSING DIAGNOSTICS

Given the diagnostic vector z, our goal is to learn a function V (z;W ) that maps these diagnostics
to a non-negative sample weight, where W are the parameters of the meta-learner. We employ a
meta-learning strategy (Ren et al., 2018) where the quality of the weights produced by V is eval-
uated based on the main model’s performance on a small, clean meta-dataset, Dmeta. This bi-level
optimization can be understood as learning an implicit, adaptive weighting scheme, with theoretical
guarantees that minimizing the empirical meta-loss leads to good generalization on the true clean
data distribution. We provide a detailed theoretical analysis in Appendix A.

The training proceeds in a bi-level optimization loop. At each step t, we sample a mini-batch Bt
from the noisy training set D and a mini-batch Bmeta from the clean meta-set Dmeta.

Inner Loop: Virtual Update. First, we compute the diagnostic vector z(j)t for each sample j ∈ Bt
using the current policy πθt . The meta-learner V (·;Wt) then produces weights v(j)t = V (z

(j)
t ;Wt).

These weights modulate the DPO loss on the training batch:

Lweighted(θt,Wt) =
1

|Bt|
∑
j∈Bt

v
(j)
t LDPO(πθt , πref; j). (5)

We then compute a hypothetical one-step gradient update for the main model, resulting in virtual
parameters θ′t(Wt):

θ′t(Wt) = θt − αθ∇θtLweighted(θt,Wt), (6)

where αθ is the learning rate for the main model.

Outer Loop: Meta-Objective and Updates. The quality of the weighting parameters Wt is as-
sessed by evaluating the performance of the virtual model πθ′

t(Wt) on the clean meta-batch Bmeta.
This yields the meta-loss:

Lmeta(Wt) =
1

|Bmeta|
∑

k∈Bmeta

LDPO(πθ′
t(Wt), πref; k). (7)

The meta-learner’s parameters W are then updated by descending the gradient of this meta-loss:
Wt+1 = Wt − αW∇Wt

Lmeta(Wt). Finally, the main model’s parameters θt are updated using the
original training batch Bt, but with weights computed from the updated meta-learner V (·;Wt+1):

θt+1 = θt − αθ∇θtLweighted(θt,Wt+1). (8)

This process, summarized in Algorithm 1, allows the meta-learner to learn an effective, data-driven
strategy for fusing the intrinsic diagnostics, guided by the objective of improving performance on
clean, reliable data.

4 EXPERIMENTS

We conduct a comprehensive set of experiments to validate our proposed paradigm. Our evaluation
is designed to answer three key questions: (1) Does our diagnostic fusion approach outperform state-
of-the-art robust alignment baselines across various noise conditions? (2) What is the individual
contribution of each intrinsic diagnostic, and is their fusion truly necessary? (3) How do the different
diagnostics interact, and what is their relative importance in identifying noisy preferences?

4.1 EXPERIMENTAL SETUP

Datasets and Noise Simulation. Our experiments are conducted on two widely-used public pref-
erence datasets: Golden HH (Bai et al., 2022; Ethayarajh et al., 2024), a helpfulness-focused subset
of Anthropic-HH, and OASST1 (Köpf et al., 2024), a multi-turn conversational dataset. To evaluate

5



270
271
272
273
274
275
276
277
278
279
280
281
282
283
284
285
286
287
288
289
290
291
292
293
294
295
296
297
298
299
300
301
302
303
304
305
306
307
308
309
310
311
312
313
314
315
316
317
318
319
320
321
322
323

Under review as a conference paper at ICLR 2026

Algorithm 1 Meta-Learning for Fusing Intrinsic Diagnostics

Input: Noisy data D, clean meta-data Dmeta, initial θ0,W0, rates αθ, αW , steps T .
Output: Aligned model parameters θT .

1: for t = 0 to T − 1 do
2: Sample mini-batches Bt ⊂ D and Bmeta ⊂ Dmeta.
3: Compute diagnostic vectors {z(j)t }j∈Bt

using θt. ▷ Sec. 3.2
4: Compute weights {v(j)t = V (z

(j)
t ;Wt)}j∈Bt

.
5: Compute virtual parameters θ′t(Wt) via Eq. 6.
6: Compute meta-loss Lmeta(Wt) on Bmeta using θ′t(Wt) via Eq. 7.
7: Update meta-learner: Wt+1 ←Wt − αW∇Wt

Lmeta(Wt).
8: Update main model: θt+1 ← θt − αθ∇θtLweighted(θt,Wt+1). ▷ Using new weights
9: end for

10: return θT .

robustness, we simulate noisy preferences by randomly swapping the ‘chosen’ and ‘rejected’ labels
for a fraction ϵ ∈ {0.1, 0.2, 0.3, 0.4} of the training samples, following standard protocols (Kong
et al., 2024; Chowdhury et al., 2024). For our method, a small, clean meta-dataset of M = 100 sam-
ples is held out from the original training set. This size was chosen based on our sensitivity anal-
ysis (see Appendix C), which shows that performance begins to saturate in this range, making
it a practical and effective choice. Further details on data splits are provided in Appendix B.1.

Models and Implementation. We evaluate on a suite of open-source LLMs to demonstrate broad
applicability, including Llama-2-7B (Touvron et al., 2023), Phi-2 (Javaheripi et al., 2023), and the
more recent Llama-3-8B. Our method and all DPO-based baselines are implemented using the TRL
library (von Werra et al., 2020) for consistency. The meta-learner V (·;W ) in our approach is a two-
layer MLP. All hyperparameters and implementation details are detailed in Appendix B.2 to ensure
full reproducibility.

Baselines. We compare our approach against a strong and diverse set of baselines. These include
Vanilla DPO (Rafailov et al., 2023b); robust DPO variants such as cDPO (Rafailov et al., 2023a),
rDPO (Chowdhury et al., 2024), and the recent state-of-the-art DR-DPO (Azar et al., 2024); and
prominent heuristic-based methods. For the latter, we implement PerpCorrect (Kong et al., 2024)
in two settings: a static version with pre-computed PPLDiff, and a stronger dynamic version where
PPLDiff is re-computed at each step for a fairer comparison with our approach.

Evaluation Metrics. Following standard practice (Rafailov et al., 2023b; Chowdhury et al., 2024),
our primary automated metric is Reward Model Accuracy, where an independently trained reward
model assesses alignment on a clean test set. To capture nuances beyond automated scores, we
complement this with human-proxy evaluation using GPT-4 Win Rate. For this, we compare gen-
erations from our final model against the strongest baselines in a pairwise fashion, with GPT-4 acting
as an impartial judge.

4.2 MAIN RESULTS: STATE-OF-THE-ART ROBUSTNESS

Figure 2 presents our primary results, plotting Reward Model Accuracy against the injected noise
rate (ϵ) on the Golden HH and OASST1 test sets. Across all datasets, model architectures, and non-
zero noise conditions, our full diagnostic fusion method, denoted as Ours (Fusion), consistently
establishes a new state-of-the-art in robust preference alignment.

As expected, the performance of Vanilla DPO degrades sharply as the noise level increases, demon-
strating its sensitivity to label corruption. While existing robust methods, including cDPO, rDPO,
and DR-DPO, offer substantial improvements, our approach consistently maintains a significant
performance margin over them. Notably, our method also outperforms the strong heuristic-based
baselines. Even when compared against PerpCorrect (Dynamic)—which also leverages a dynamic,
instance-level signal—our method’s ability to fuse multiple complementary diagnostics provides a
clear and decisive advantage. This performance gap widens in high-noise regimes (ϵ ≥ 0.3), where
relying on a single heuristic becomes increasingly insufficient.
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Figure 2: Reward Accuracy (%) versus Training Noise Ratio (ϵ) on Golden HH (top row) and
OASST1 (bottom row) datasets. Our full fusion method, Ours (Fusion), consistently achieves the
highest accuracy across all models and noise levels, demonstrating superior robustness.

Table 1: Win rates of Ours (Fusion) vs. baselines on
Golden HH (ϵ = 0.3).

Opponent Win (%) Tie (%) Loss (%)
DR-DPO 62.5 20.0 17.5
PerpCorrect (Dyn.) 58.0 25.5 16.5

To assess the practical impact on genera-
tion quality, Table 1 presents the results
of our pairwise comparison judged by
GPT-4. When pitted against the strongest
baselines on the Golden HH dataset with
30% noise, our method achieves a de-
cisive win rate. For instance, against
DR-DPO, Ours (Fusion) is preferred in
62.5% of cases, underscoring that the im-
provements measured by reward model accuracy translate into tangible gains in conversational qual-
ity and helpfulness. This suggests that our method does not merely overfit to the reward model but
learns a more genuinely robust and helpful policy.

4.3 ABLATION STUDY: THE NECESSITY OF FUSING MULTIPLE DIAGNOSTICS

Figure 3: Ablation study on the Golden
HH test set with 30% training noise.

Having established the overall superiority of our fusion-
based approach, we now conduct a targeted ablation study
to disentangle the contributions of its core components.
The central question we address is: is the fusion of multi-
ple diagnostics truly necessary, or is the performance gain
primarily driven by a single, dominant diagnostic like P-
PLDiff? To investigate this, we evaluate several variants
of our method on the Golden HH dataset under a chal-
lenging 30% noise condition (ϵ = 0.3). These variants
use our meta-learning framework but are restricted to only
a single diagnostic input: Ours (PPLDiff only), which
uses preference consistency; Ours (Loss only), which
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(a) (b)

Figure 4: In-depth analysis of the learned meta-weighting function on Golden HH. (a) PPLDiff
emerges as the most influential diagnostic overall. (b) The beeswarm plot reveals the distinct roles
and non-linear interactions of the diagnostics.

uses learning difficulty; and Ours (Uncertainty only),
which uses generation confidence.

The results, presented in Figure 3, unequivocally demonstrate the necessity of diagnostic fu-
sion. While the Ours (PPLDiff only) variant emerges as the strongest single-diagnostic
model—confirming PPLDiff’s crucial role as a primary noise indicator—our full Ours (Fusion)
model surpasses it by a significant margin. This performance gap highlights a key finding: although
less powerful in isolation, the learning difficulty (loss) and generation confidence (uncertainty) di-
agnostics provide essential, complementary information. They act as crucial correctives, addressing
the inherent blind spots of a PPLDiff-only approach.

Furthermore, the relatively modest performance of the Ours (Loss only) and Ours (Uncertainty
only) variants reveals the potential pitfalls of relying on these more ambiguous signals alone. For
instance, training loss can be high for both noisy samples and genuinely difficult (but clean) ones.
Without the anchoring context provided by a strong signal like PPLDiff, a model relying solely
on loss may incorrectly down-weight valuable, hard examples. Our fusion mechanism, guided by
the meta-learning objective, learns to navigate these ambiguities, leveraging the strengths of each
diagnostic while mitigating their individual weaknesses. This synergy is the primary driver of our
method’s state-of-the-art robustness.

4.4 ANALYSIS OF INTRINSIC DIAGNOSTICS

To gain deeper insight into how our model learns to fuse the different intrinsic diagnostics, we
conduct a final set of analyses on the learned meta-weighting function. Our goal is to understand the
relative importance of each diagnostic, their interplay, and how their roles may adapt under different
noise conditions.

Quantifying Diagnostic Importance with SHAP. We first seek to understand the overall influ-
ence of each diagnostic. We employ SHAP (SHapley Additive exPlanations) (Lundberg & Lee,
2017), a game-theoretic approach to explain the output of the trained meta-learner V (·;W ). Fig-
ure 4a plots the mean absolute SHAP value for each diagnostic, representing its average impact
on the weight assignment across the test set under 30% noise. The analysis reveals a clear hierar-
chy: Preference Consistency (PPLDiff) is the most influential diagnostic, confirming its role as
the primary signal for label-model conflict. Crucially, Learning Difficulty (Loss) and Generation
Confidence (Uncertainty) also exert substantial influence, validating our hypothesis that a multi-
perspective assessment is essential. This quantitative ranking is consistent with our ablation study,
where the PPLDiff-only model performed best among single-diagnostic variants but was signifi-
cantly surpassed by their fusion.

8
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Uncovering Interplay and Non-linear Relationships. Beyond average importance, we investi-
gate how these diagnostics interact. The SHAP summary plot in Figure 4b provides a more granular
view, showing not just the magnitude but also the direction of each diagnostic’s impact. Several key
patterns emerge:

• Dominant Role of PPLDiff: As expected, high (positive) PPLDiff values (red dots on
the right) consistently push the assigned weight lower (negative SHAP values), acting as
a strong penalty for inconsistency. Conversely, low (negative) PPLDiff values robustly
support a higher weight.

• Loss as a High-Impact Flag: The training loss exhibits a clear one-sided effect. Low loss
values have minimal impact on the weight, but high loss values strongly correlate with a
significant reduction in weight. This suggests the meta-learner has learned to use high loss
as a powerful flag for problematic samples, be they noisy or hard examples.

• Uncertainty as a Nuanced Modulator: The effect of uncertainty is more nuanced. High
uncertainty generally corresponds to lower weights, but its impact is most pronounced
when interacting with other diagnostics. For instance, a sample with a moderately negative
PPLDiff (suggesting it is clean) might still be down-weighted if its generation uncertainty is
very high. This indicates the meta-learner uses uncertainty to temper confidence in samples
that, while superficially plausible, are generated with low conviction by the model.

This analysis reveals that the meta-learner does not simply learn a linear combination of signals.
Instead, it discovers complex, non-linear relationships, using each diagnostic to cover the blind spots
of the others. A detailed qualitative example illustrating this synergy is provided in Appendix D.1.

Figure 5: Relative importance of diagnostics (nor-
malized mean SHAP values) learned under low (ϵ =
0.1) and high (ϵ = 0.4) noise.

Adaptive Roles under Varying Noise Lev-
els. Finally, we examine whether the meta-
learner’s strategy adapts as the training en-
vironment changes. We analyze the SHAP
values of meta-learners trained under dif-
ferent noise ratios (ϵ ∈ {0.1, 0.4}). As
shown in Figure 5, the relative importance of
the diagnostics shifts. In low-noise regimes
(ϵ = 0.1), the meta-learner relies heavily on
PPLDiff, as it is a highly reliable signal when
the data is mostly clean. However, in high-
noise regimes (ϵ = 0.4), the relative impor-
tance of Training Loss and Uncertainty in-
creases. This is an important finding: as the
primary signal (PPLDiff) itself becomes less
reliable due to the model being trained on in-
creasingly corrupted data, the meta-learner adaptively increases its reliance on secondary, corrob-
orating signals. This demonstrates that our paradigm does not learn a static fusion rule, but rather
a dynamic, adaptive policy that intelligently adjusts its diagnostic strategy based on the perceived
difficulty of the learning environment.

4.5 CONCLUSION

We have presented a new paradigm for robust LLM preference alignment that empowers models to
perform self-diagnosis by fusing multiple intrinsic feedback streams. Our meta-learning implemen-
tation of this paradigm sets a new state-of-the-art in handling noisy preference data. By providing
the first systematic analysis of how different internal signals can be synergistically combined, this
work lays a foundation for a new class of diagnostic-driven, adaptive alignment algorithms. We
believe that building models capable of such sophisticated self-assessment is a fundamental step
towards creating more reliable, robust, and trustworthy AI systems.
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A THEORETICAL ANALYSIS

This section provides a theoretical lens through which to understand our paradigm’s mechanism. We
first interpret the bi-level optimization as learning an implicit weighting scheme and then present a
high-level generalization bound for the learned weighting policy.

A.1 IMPLICIT WEIGHTING SCHEME

The meta-learning process can be viewed as learning an implicit, adaptive scheme for re-weighting
noisy training preferences. The update to the meta-learner’s parameters, W , is driven by its ability
to produce weights that guide the main LLM towards better performance on a clean meta-dataset.

The update rule for W at step t is given by gradient descent on the meta-loss:

Wt+1 = Wt − αW∇WLmeta(Wt). (9)

Using the chain rule, the meta-gradient ∇WLmeta(Wt) can be expanded as:

∇WLmeta = EBmeta

[
∇θ′

t
LDPO(πθ′

t(Wt)) ·
dθ′t(Wt)

dWt

]
. (10)

The term dθ′
t(Wt)
dWt

represents how the virtual parameters change with respect to the meta-parameters.
Substituting the definition of θ′t from Eq. 6, we get:

dθ′t(Wt)

dWt
= −αθ∇W∇θLweighted(θ;Wt)|θ=θt . (11)

The Hessian-vector product in this term connects the meta-learner’s parameters W to the main
model’s update. Specifically, the gradient ∇W operates on Lweighted through the generated weights
vt = V (zt;Wt).

This structure implies that the meta-learner parameters W are updated in a direction that rewards
the generation of weights v which, when used to train the virtual LLM on the noisy batch Bt, lead
to improved performance (lower LDPO) on the clean meta-batch Bmeta. In essence, training instances
(via their diagnostic vectors z) that are assigned “beneficial” weights by V (·;W )—as judged by
their downstream utility for clean alignment—will exert a stronger and more favorable influence on
the meta-learner’s update.

A.2 GENERALIZATION BOUND

We provide a high-level generalization bound for our method, drawing inspiration from standard
analyses in meta-learning and learning with noisy labels Zhao et al. (2019). Let Rclean(W ) be
the true expected risk (e.g., expected LDPO on the true clean preference distribution Pclean) of the
main LLM policy that is trained using the weights generated by the meta-learner V (·;W ). Let
R̂meta(W ) = Lmeta(W ) be the empirical risk on the clean meta-dataset Dmeta of size M . We aim to
bound the generalization gap |Rclean(W

∗)− R̂meta(W
∗)|, where W ∗ is the set of parameters learned

by our method.

Assumptions. We make the following standard assumptions: 1) The meta-learner’s parameter
space W is bounded. 2) The DPO loss is bounded, LDPO ∈ [0, Bloss]. 3) The meta-dataset Dmeta
consists of M i.i.d. samples from Pclean.
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Theorem (Generalization Bound - Informal). Let W ∗ = argminW∈W R̂meta(W ) be the param-
eters learned by minimizing the meta-loss. Then, for any δ > 0, with probability at least 1− δ over
the random draw of Dmeta:

Rclean(W
∗) ≤ R̂meta(W

∗) +O

(√
Comp(FW) + log(1/δ)

M

)
, (12)

where Comp(FW) is a measure of the complexity of the function class induced by the meta-learner,
for instance, its Rademacher complexity. For a parametric model like a neural network for V (·;W ),
this complexity term is related to its size and depth.

Implication. This bound indicates that the performance of the trained meta-learner on unseen
clean data is controlled by its empirical performance on the meta-dataset and the complexity of
the meta-learner itself. As the size of the clean meta-dataset M increases, the generalization gap
shrinks, ensuring that minimizing the meta-loss on Dmeta leads to a meta-learner that is effective on
the true clean data distribution. This provides theoretical justification for our data-driven approach
to learning a robust diagnostic fusion policy.

B IMPLEMENTATION DETAILS

This section provides detailed information about our experimental setup to ensure full reproducibil-
ity.

B.1 DATASET DETAILS AND PREPROCESSING

Golden HH and OASST1. The public preference datasets, Golden HH (Bai et al., 2022; Etha-
yarajh et al., 2024) and OASST1 (Köpf et al., 2024), underwent minimal preprocessing beyond
standard tokenization provided by the TRL library. We used the versions and splits as processed by
Rafailov et al. (2023b). For each dataset, we constructed the data splits as follows:

• Test Set (Dtest): We used the original, official test split, which was assumed to be clean
and was used exclusively for final evaluation.

• Meta-Dataset (Dmeta): We randomly sampled M = 100 preference pairs from the original
training split to serve as the clean meta-dataset.

• Validation Set (Dval): We randomly sampled 300 preference pairs from the remaining
training split for hyperparameter tuning.

• Noisy Training Set (D): The rest of the original training split was used as the main training
set. Noise was injected into this set by randomly swapping ‘chosen’ and ‘rejected’ labels
at rates ϵ ∈ {0.1, 0.2, 0.3, 0.4}.

There was no overlap between these four data splits.

B.2 HYPERPARAMETERS AND TRAINING CONFIGURATION

All experiments were conducted on NVIDIA A100 GPUs. The main LLM parameters were fine-
tuned using the AdamW optimizer with a weight decay of 0.01. The meta-learner was also optimized
with AdamW. Key hyperparameters are listed in Table 2.

Baseline Configurations. All baselines were trained with the same main model learning rate,
batch size, and training duration as our method for a fair comparison. For PerpCorrect, the PPLDiff
threshold was tuned on Dval. For DR-DPO, we used the hyperparameters recommended in the
original paper.

Computational Cost. Training our full fusion method for one epoch on the Golden HH dataset
with Llama-3-8B required approximately 8 hours on a single A100 GPU. In comparison, standard
DPO took approximately 6 hours. The overhead is primarily due to the dynamic computation of
diagnostics and the bi-level optimization loop.
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Table 2: Key hyperparameters for our method and DPO-based baselines.

Parameter Llama-2/3 Phi-2

Main Model Learning Rate (αθ) 5× 10−6 1× 10−5

Meta-Learner Learning Rate (αW ) 1× 10−4 1× 10−4

Batch Size (Bt) 8 16
Meta-Batch Size (Bmeta) 16 16
DPO β 0.1 0.1
Training Epochs 1 1

Meta-Learner Architecture MLP: Input(3)→ ReLU(100)→ Sigmoid(1)

B.3 REWARD MODEL FOR EVALUATION

The independent reward model (RM), used for calculating Reward Accuracy, was trained on the
entirety of the clean original training split for each dataset. The RM architecture was initialized
from the same base SFT checkpoint as the policy models (e.g., Llama-3-8B-Instruct) and included
a final linear layer to output a scalar reward. It was trained for one epoch using a standard pairwise
preference ranking loss, a learning rate of 1× 10−5, and a batch size of 4. This RM remained fixed
during the evaluation of all aligned policy models.

C SENSITIVITY TO META-DATASET CHARACTERISTICS

To assess the robustness and practicality of our method, we investigated its sensitivity to the two
primary characteristics of the meta-dataset Dmeta: its size (M ) and its purity (i.e., potential contam-
ination with noise). These analyses were conducted on the Golden HH dataset with a main training
noise of ϵ = 0.3 (for the noise sensitivity test) or ϵ = 0.4 (for the size sensitivity test), using the
Llama-2-7B model.
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Figure 6: Impact of meta-dataset size (M ) on the
final Reward Accuracy. Performance on Golden HH
(ϵ = 0.4) improves with M and saturates around
100-200 samples.

Impact of Meta-Dataset Size. Figure 6 il-
lustrates the performance of our method as
the size of the clean meta-dataset, M , is var-
ied from 10 to 300 samples. A clear trend
of improved performance is observed with in-
creasing M , though with diminishing returns.
The results show that strong performance is
achievable even with a modest meta-dataset
size of M = 100, where our method already
significantly outperforms baselines that lack
such meta-guidance. Performance begins to
saturate around M ≈ 100 − 200, suggesting
that a relatively small amount of clean data
is sufficient for the meta-learner to deduce
an effective diagnostic fusion strategy. This
finding underscores the practical applicability
of our paradigm, as the effort required to cu-
rate a small, high-quality dataset is substan-
tially lower than cleaning the entire training
set.

Impact of Meta-Dataset Noise. A crucial
question is how our method performs if the meta-dataset itself is not perfectly clean. To simulate
this, we intentionally introduced label-flipping noise into Dmeta (with a base size of M = 100)
and evaluated the final model’s performance. The results are presented in Table 3. As expected,
performance gracefully degrades as the noise level in the meta-set increases. However, the method
exhibits remarkable tolerance to low levels of contamination. Even when Dmeta contains 5% noise,
our method achieves a Reward Accuracy of 92.5% ± 0.8%. This is still substantially higher than
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Vanilla DPO trained on the main set with 30% noise (which scored approximately 68.5% in our
main experiments). This suggests that while a clean meta-dataset is ideal, our paradigm is not
overly brittle to minor imperfections, further enhancing its practical utility in real-world scenarios
where perfectly curated data is rare.

Table 3: Impact of noise rate in Dmeta on final Reward Accuracy (%). The main training data has
ϵ = 30% noise (Golden HH, Llama-2-7B, M = 100).

Meta-Noise Rate 0% 1% 3% 5%
Reward Accuracy (%) 96.0 ± 0.4 95.5 ± 0.5 94.2 ± 0.6 92.5 ± 0.8

Table 4: A qualitative case study from the Golden HH dataset (ϵ = 0.3) illustrating diagnostic
synergy. Despite a misleading PPLDiff signal, the high Training Loss and Uncertainty correctly flag
the sample as a noisy preference containing a factual error, leading to a low learned weight.

Component Content / Value

Prompt ‘What year did the Eiffel Tower open to the public?’

Chosen Response ‘The Eiffel Tower, an iconic symbol of Paris, officially opened its
doors to the public in 1892. It was a marvel of engineering for its
time.’

Rejected Response ‘It opened in 1889.’

Ground Truth The preference label is noisy. The rejected response is factually
correct (the tower opened in 1889 for the Exposition Universelle).

Diagnostics Analysis of the model’s intrinsic feedback on the noisy preference
pair:

Preference Consis-
tency (PPLDiff)

-0.85 — Misleading Signal. The higher fluency and length of the
incorrect response cause the model to assign it a lower perplexity,
suggesting the sample is clean.

Learning Difficulty
(Training Loss)

1.23 — Informative Signal. The high loss value indicates a
strong conflict between the instruction to prefer the incorrect re-
sponse and the model’s internal knowledge about the correct date.

Generation Confi-
dence (Uncertainty)

0.95 — Informative Signal. The model exhibits high token-level
entropy (low confidence) when generating the factually incorrect
year “1892,” indicating a lack of conviction.

Final Outcome
Learned Weight 0.15 — Correct Outcome. The meta-learner correctly interprets

the combination of conflicting diagnostics and assigns a very low
weight, effectively mitigating the harm from the noisy label.

D ADDITIONAL ANALYSIS AND VISUALIZATIONS

D.1 QUALITATIVE ANALYSIS: SYNERGY IN ACTION

As discussed in Section 4.4, the quantitative results and ablation studies strongly indicate that the
fusion of multiple diagnostics is the primary driver of our method’s robustness. To provide a more
concrete illustration of this mechanism, we present a detailed case study in Table 4.

This example, drawn from the Golden HH dataset after injecting 30% noise, showcases a challenging
scenario where a single-heuristic approach relying solely on PPLDiff would fail. The ‘chosen’
response, while fluent and well-structured, contains a critical factual error. The ‘rejected’ response
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is terse but factually correct. An ideal robust alignment method should identify this noisy preference
and reduce its influence during training.

As shown in the “Diagnostics” section of the table, the PPLDiff is negative (-0.85), a highly mis-
leading signal that suggests the model finds the factually incorrect response more plausible than the
correct one, likely due to its greater length and more confident-sounding tone. An approach like
PerpCorrect, which relies on a positive PPLDiff threshold, would incorrectly treat this sample as
clean.

However, our multi-perspective diagnostic system correctly identifies the anomaly. The Training
Loss is high (1.23), indicating that forcing the model to prefer the incorrect response creates a
significant conflict with its existing internal knowledge representation. Furthermore, the Generation
Confidence is low, reflected by a high Uncertainty score (0.95). A closer look reveals this uncertainty
is concentrated around the generation of the incorrect date, suggesting the model is hesitant or lacks
a strong factual basis for this claim.

The meta-learner, having been trained on the clean meta-dataset, learns to recognize this specific
pattern: a plausible-looking PPLDiff coupled with high loss and high uncertainty is a strong sig-
nature of fluent misinformation. Consequently, it assigns a very low weight (0.15) to the sample,
effectively nullifying its harmful impact on the alignment process. This case study vividly demon-
strates that by fusing complementary feedback streams, our paradigm can overcome the limitations
of any single diagnostic, leading to a more truly robust and discerning alignment.
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