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Abstract

Training data quality is critical for NLP model
performance, yet identifying mislabeled exam-
ples remains challenging when models confi-
dently fit errors via spurious correlations. Con-
fident learning methods like Cleanlab assume
mislabeled examples cause low confidence;
however, this assumption breaks down when
artifacts enable confident fitting of wrong la-
bels. We propose Explanation-Consistency
Graphs (ECG), which detects problematic
training instances by computing neighborhood
surprise in explanation embedding space. Our
key insight is that LLM-generated explana-
tions capture “why this label applies,” and
this semantic content reveals inconsistencies
invisible to classifier confidence. By embed-
ding structured explanations and measuring
k-nearest neighbor (kNN) label disagreement,
ECG achieves 0.832 area under the ROC curve
(AUROC) on artifact-aligned noise (where
Cleanlab drops to 0.107), representing a 24%
improvement over the same algorithm on input
embeddings (0.671). On random label noise,
ECG remains competitive (0.943 vs. Cleanlab’s
0.977), demonstrating robustness across noise
regimes. We show that the primary value lies in
the explanation representation rather than com-
plex signal aggregation, and analyze why naive
multi-signal combination can degrade perfor-
mance when training dynamics signals are anti-
correlated with artifact-driven noise.

1 Introduction

The quality of training data fundamentally con-
strains what NLP models can learn. Large-scale
empirical studies reveal label error rates ranging
from 0.15% (MNIST) to 5.83% (ImageNet), aver-
aging 3.3% across 10 benchmark test sets (North-
cutt et al., 2021b), and these errors propagate into
systematic model failures. Beyond simple misla-
beling, annotation artifacts and spurious correla-
tions create particularly insidious data quality is-
sues: models learn superficial patterns that happen

to correlate with labels in the training set but fail
catastrophically under distribution shift (Gururan-
gan et al., 2018; McCoy et al., 2019). Identifying
and correcting such problematic instances, known
as training data debugging, is therefore essential
for building reliable NLP systems.

The dominant paradigm for training data debug-
ging relies on model confidence and loss signals.
Confident learning (Northcutt et al., 2021a) esti-
mates a joint distribution between noisy and true la-
bels using predicted probabilities, effectively iden-
tifying instances where the model “disagrees” with
the observed label. Training dynamics approaches
like AUM (Pleiss et al., 2020) and CTRL (Yue
and Jha, 2022) track per-example margins and loss
trajectories across training epochs, exploiting the
observation that mislabeled examples exhibit dif-
ferent learning patterns than clean ones. High-loss
filtering with pretrained language models can be
surprisingly effective on human-originated noise
(Chong et al., 2022). These methods share a com-
mon assumption: problematic examples will cause
low confidence or high loss during training.

This assumption breaks down catastrophically
when models confidently fit errors via spurious
correlations. Consider sentiment data where mis-
labeled examples happen to contain distinctive to-
kens such as rating indicators like “[RATING=5]",
demographic markers, or formatting artifacts. The
classifier learns to predict the wrong labels with
high confidence by exploiting these spurious mark-
ers. From a loss perspective, these mislabeled ex-
amples look perfectly clean; they are fitted early,
with high confidence, and low loss throughout train-
ing. Cleanlab’s confident joint and AUM’s margin
trajectories both fail because the model is confident,
just confidently wrong for the wrong reasons.

This failure mode is not hypothetical. Poliak
et al. (2018) showed that NLI datasets can be par-
tially solved using only the hypothesis, revealing
pervasive annotation artifacts. Gururangan et al.



(2018) demonstrated that annotation patterns sys-
tematically correlate with labels in ways that mod-
els exploit. The spurious correlation literature ex-
tensively documents how models learn shortcuts
that evade standard diagnostics (Clark et al., 2019;
Utama et al., 2020; Tu et al., 2020), and debiasing
methods must explicitly model bias structure to
mitigate it (Sagawa et al., 2020). When the very
mechanism that causes label noise also enables con-
fident fitting, confidence-based debugging becomes
unreliable.

We propose Explanation-Consistency Graphs
(ECG), which detects problematic training in-
stances by computing neighborhood surprise in
explanation embedding space rather than input em-
bedding space. Our key insight is that explanations
encode semantic information about why a label
should apply, and this “why” content reveals in-
consistencies even when classifier confidence does
not. When an LLM explains why it believes a
sentence has positive sentiment, its rationale and
cited evidence reflect the actual semantic content,
not spurious markers that the classifier may have
learned to exploit. By embedding these explana-
tions and measuring kNN label disagreement, ECG
detects mislabeled instances that are invisible to
loss and probability signals.

The core idea is simple: if an example’s label
disagrees with the labels of examples whose expla-
nations are most similar, that label is likely wrong.
This is the same principle underlying input-based
kNN detection (Bahri et al., 2020; Kim et al., 2023),
but operating in a fundamentally different repre-
sentation space. Input embeddings capture “what
the text is about”; explanation embeddings cap-
ture “why this text has this label.” When labels are
wrong, the “why” becomes inconsistent with se-
mantically similar examples, making explanation-
space neighborhood surprise a powerful detection
signal.

ECG synthesizes ideas from three research
threads: (1) the explanation-based debugging liter-
ature, which uses explanations to help humans sur-
face artifacts (Lertvittayakumjorn and Toni, 2021;
Lertvittayakumjorn et al., 2020; Lee et al., 2023),
but has not automated detection via graph structure;
(2) graph-based noisy label detection, which uses
neighborhood disagreement in representation space
(Bahri et al., 2020; Kim et al., 2023; Di Salvo et al.,
2025), but over input embeddings; and (3) LLM-
generated explanations with structured schemas

(Geng et al., 2023; Huang et al., 2023), which pro-
vide the semantic substrate for our graph.

Concretely, ECG works as follows. (1) Ex-
planation Generation: We generate structured
JSON explanations for all training instances using
an instruction-tuned LLM (Qwen3-8B), enforcing
JSON structure via schema-constrained decoding
and instructing the model to quote extractive evi-
dence spans. (2) Explanation Embedding: We
embed explanations using a sentence encoder and
construct a KNN graph in this space. (3) Neigh-
borhood Surprise: We compute the negative log-
probability of each instance’s label given its neigh-
bors’ labels in explanation space, which serves as
our primary detection signal. We also explored ad-
ditional signals (NLI contradiction, stability, train-
ing dynamics), but found that simple kNN surprise
in explanation space works best.

Our contributions are:

1. We introduce Explanation-Consistency
Graphs (ECG), demonstrating that neigh-
borhood surprise computed in explanation
embedding space substantially outperforms
the same algorithm on input embeddings
(+24% AUROC on artifact-aligned noise, i.e.,
mislabeling paired with spurious markers that
enable confident fitting: 0.832 vs. 0.671).

2. We establish a concrete failure mode for
confidence-based cleaning: when artifacts en-
able confident fitting of wrong labels, Clean-
lab achieves only 0.107 AUROC (worse than
random), while ECG achieves 0.832. ECG re-
mains competitive on random noise (0.943 vs.
Cleanlab’s 0.977), providing a robust method
across noise regimes.

3. We provide analysis of why naive signal ag-
gregation fails: training dynamics signals
(AUM) are anti-correlated with noise under
artifact conditions, because artifacts make
wrong labels easy to learn. This negative re-
sult offers guidance for future multi-signal
approaches.

2 Related Work

ECG targets training-data debugging in a regime
where spurious correlations let models fit wrong
labels confidently. It connects to (i) label-error
detection from confidence and training dynamics,
(ii) graph-based data quality, and (iii) explanation-



and attribution-based diagnosis of artifacts. Across
these areas, the key gap is a scalable detector whose
signal remains informative when classifier confi-
dence is not.

2.1 Label-Error Detection Under Confident
Fitting

Most data-cleaning methods rank examples us-
ing signals derived from the classifier. Confident
learning (Northcutt et al., 2021a) identifies likely
label errors via disagreement between observed la-
bels and predicted probabilities, and works well
when noise manifests as low confidence. Training-
dynamics methods similarly treat mislabeled data
as hard-to-learn: AUM (Pleiss et al., 2020) uses cu-
mulative margins, and CTRL (Yue and Jha, 2022)
clusters loss trajectories to separate clean from
noisy examples. For NLP, out-of-sample loss rank-
ing with pretrained language models can be highly
effective on human-originated noise (Chong et al.,
2022).

Gap. These approaches share a reliance on
training-time difficulty (high loss, low margin, or
low confidence). When artifacts make wrong labels
easy to fit, mislabeled instances can have low loss
and high confidence throughout training, rendering
confidence- and dynamics-based detectors unreli-
able. ECG addresses this failure mode by using
a signal derived from explanations rather than the
classifier’s fit.

2.2 Graph-Based Data Quality and
Neighborhood Disagreement

Graph-based methods detect label errors from
representation-space structure, flagging instances
whose labels disagree with their nearest neigh-
bors. This principle appears in kNN-based noisy-
label detection (Bahri et al., 2020) and scalable
relation-graph formulations that jointly model la-
bel errors and outliers (Kim et al., 2023). Re-
cent work improves robustness when errors cluster,
e.g., reliability-weighted neighbor voting (Di Salvo
et al., 2025), and label propagation on kNN graphs
when clean anchors exist (Iscen et al., 2020).

Gap. Prior graph-based approaches build neigh-
borhoods over input embeddings or model repre-
sentations. ECG keeps the same neighborhood-
disagreement idea but changes the substrate: it
constructs the graph in explanation embedding
space, where neighbors are defined by similar label-
Jjustifying evidence and rationales. This shift is cru-

cial in artifact-aligned settings, where input-space
similarity can preserve spurious markers rather than
the underlying “why” of the label.

2.3 Explanations, Artifacts, and Dataset
Debugging

Explanations and attribution have been used exten-
sively for diagnosing dataset artifacts and guiding
model fixes. Surveyed “explanation — feedback —
fix” pipelines (Lertvittayakumjorn and Toni, 2021)
and interactive systems such as FIND (Lertvit-
tayakumjorn et al., 2020), explanation-driven la-
bel cleaning (Teso et al., 2021), and XMD (Lee
et al., 2023) support human-in-the-loop debugging.
Complementarily, training-set artifact analyses lo-
calize influential tokens and examples, e.g., TFA
(Pezeshkpour et al., 2022) and influence-function
based artifact discovery (Han et al., 2020). These
tools are motivated by a broad literature on spuri-
ous correlations and annotation artifacts, including
hypothesis-only shortcuts in NLI and debiasing or
counterfactual remedies (Poliak et al., 2018; Be-
linkov et al., 2019; Clark et al., 2019; Utama et al.,
2020; Kaushik et al., 2020).

Gap. Existing explanation-based debugging
largely supports human discovery or model reg-
ularization, while spurious-correlation work typ-
ically targets mitigation rather than identifying
which training instances are mislabeled. To our
knowledge, ECG is the first to aggregate LLM ex-
planations via graph structure for automated data
cleaning, bridging the explanation and data-quality
literatures.

LLM-generated explanations. Because ECG re-
lies on structured LLM explanations as a repre-
sentation, we summarize related work on struc-
tured generation and explanation reliability in Ap-
pendix C.

3 Method

Given a training dataset D = {(z;,y;)}, with
potentially noisy labels y;, our goal is to produce
a suspiciousness ranking that places mislabeled or
artifact-laden instances at the top. ECG achieves
this through three stages: explanation generation
(§3.1), explanation embedding and graph construc-
tion (§3.2), and neighborhood surprise computa-
tion (§3.3). Figure 1 provides an overview. We
also explored additional signals (NLI contradiction,
stability, training dynamics) but found they did not



improve over simple neighborhood surprise; we an-
alyze this in §6 and provide details in Appendix A.

3.1 Structured Explanation Generation

For each training instance x;, we generate a struc-
tured JSON explanation using an instruction-tuned
LLM (Qwen3-8B). The explanation contains:

* pred_label: The LLM’s predicted label

* evidence: 1-3 exact substrings from x; justi-
fying the prediction

* rationale: A brief explanation (<25 tokens)
without label words

e counterfactual: A minimal change that
would flip the label

* confidence: Integer 0—100

We enforce schema validity via constrained de-
coding and instruct the LLLM to ignore metadata
tokens (e.g., <lbl_pos>) so explanations reflect
semantic content rather than spurious markers.

Stability Sampling. LLM explanations can be
unstable across random seeds. We generate M =
3 explanations per instance (one deterministic at
temperature 0, two samples at temperature 0.7) and
compute a reliability score:

1
pi=3 (Li + E; + Ry) (D

where L; (label agreement), F; (evidence Jaccard),
and R; (rationale similarity) each measure agree-
ment across the M samples. High p; indicates
stable, reliable explanations; low p; indicates the
LLM is uncertain or the instance is ambiguous.

3.2 Reliability-Weighted Graph Construction

We embed explanations and construct a KNN graph
that downweights unreliable neighbors, inspired by
WANN (Di Salvo et al., 2025).

Explanation Embedding. For each instance, we
form a canonical string ¢; excluding label informa-
tion:

t; = "Evidence: "®e;®" | Rationale: "®r;
(2)
where e; and r; are the evidence and rationale
fields. We embed ¢; using a sentence encoder (all-
MiniLM-L6-v2) and Ls-normalize to obtain v;.

Reliability-Weighted Edges. We retrieve the

k = 15 nearest neighbors A/ (4) for each node using

FAISS. Edge weights incorporate both similarity

and neighbor reliability:

iy =exp (2) -y, wyy = i
N T/ Y v Wit

3

where s;; = viT v; 1s cosine similarity, 7 = 0.07 is

a temperature, and p; is neighbor reliability. This

ensures that unstable or unreliable neighbors con-

tribute less to inconsistency signals.

Outlier Detection. We compute an outlier score
0;,=1- % > jeN(i) Sij 1O distinguish genuinely
out-of-distribution examples from mislabeled in-
distribution examples.

3.3 Neighborhood Surprise Detection

The core detection signal in ECG is neighborhood
surprise: if an instance’s label disagrees with the
labels of instances with similar explanations, the
label may be wrong.

Neighborhood Surprise (Sypr). We compute a
weighted neighbor label posterior with Laplace
smoothing:

€+ jeni) Wij - 1y =
Ce+1

pi(c) = “4)
where C' is the number of classes and € = 1073.
The suspiciousness score is then:

Suve (1) = —log pi(yi) )

High Sy, indicates the observed label is unlikely
given similar explanations. Instances are ranked
by Snor and the top-K are flagged for removal or
review.

Why Explanation Space? The same neighbor-
hood surprise algorithm can be applied to input em-
beddings (ECG (input)) or explanation embeddings
(ECG). The key empirical finding is that explana-
tion embeddings yield substantially better detec-
tion:

* ECG: 0.832 AUROC on artifact-aligned noise

* ECG (input): 0.671 AUROC (same algo-
rithm, different embedding)

This 24% improvement demonstrates that explana-
tions capture label-quality information invisible in
input space. When labels are wrong, the LLM’s
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Figure 1: ECG Pipeline. Given training data with potentially noisy labels, ECG: (1) generates structured LLM
explanations; (2) embeds the explanation text; (3) constructs a kNN graph in explanation space; (4) computes
neighborhood surprise—the negative log-probability of each label given its neighbors. The key insight: the same
kNN algorithm achieves 0.832 AUROC on explanation embeddings vs. 0.671 on input embeddings (+24%), while
Cleanlab fails completely (0.107) on artifact-aligned noise.

rationale reflects semantic inconsistency with sim-  The classifier learns to predict labels from markers
ilar examples, even if the input text is similar to ~ with high confidence, making mislabeled instances
correctly-labeled examples. invisible to Cleanlab. The LLM prompt instructs

ignoring tokens in angle brackets, so explanations

Explored Extensions. We also investigated ad- .
reflect semantics.

ditional signals: NLI contradiction (does the ex-

planation contradict the label?), explanation sta- 4.2 Baselines
bility (does the LLM give consistent explanations
across samples?), and training dynamics (does the
classifier struggle to learn this example?). Surpris-
ingly, combining these signals with neighborhood
surprise degraded performance on artifact-aligned
noise. We analyze why in §6: the training dy-
namics signal is anti-correlated with noise when
artifacts make wrong labels easy to learn. Details

of all signals are in Appendix A. * AUM: Area Under Margin from training dy-
namics (Pleiss et al., 2020)

We compare against:

* Cleanlab: Confident learning with 5-fold
cross-validated probabilities (Northcutt et al.,
2021a)

» High-Loss: Ranking by cross-entropy loss

4 Experimental Setup

* LLM Mismatch: Binary indicator of LLM #

4.1 Dataset and Noise Injection
observed label

We evaluate on SST-2 (binary sentiment), subsam-
pling 25,000 training examples. We create two « ECG (input): Neighborhood surprise on in-
synthetic noise conditions at rate p = 10%: put embeddings (same algorithm as ECG, dif-

Uniform Noise. Labels are flipped uniformly at ferent embedding space)

random. This is a sanity check where confidence-
based methods should excel.

 Random: Random selection

Artifact-Aligned Noise. Labels are flipped and 43 Metrics
a spurious marker is appended: <lbl_pos> for  Detection. AUROC, AUPRC, Precision@K,
(flipped) positive labels, <1bl_neg> for negative. ~ Recall@ K, F1 @ K for identifying noisy instances.



Method AUROC AUPRC P@10%
Random 0.500 0.100 0.100
Confidence-Based Methods

Cleanlab 0.107 0.056 0.000
High-Loss 0.107 0.056 0.000
AUM (Margin) 0.107 0.056 0.000
Embedding-Based Methods

ECG (input) 0.671 0.258 0.342
LLM Mismatch 0.575 0.152 0.280
ECG Variants

ECG (multi-signal) 0.547 0.117 0.154
ECG 0.832 0.435 0.496

Table 1: Detection performance on artifact-aligned noise
(10% noise rate, N=25,000). Confidence-based meth-
ods (Cleanlab, Loss, AUM) drop below random (0.5
AUROC) because artifacts make mislabeled examples
easy to fit. ECG achieves 0.832 AUROC—a 24% im-
provement over ECG (input) (0.671) using the same
algorithm.

Downstream. Accuracy on clean test set; accu-
racy when artifacts are stripped or swapped at test
time (out-of-distribution, OOD, robustness).

4.4 Implementation

We fine-tune RoBERTa-base for 3 epochs with
batch size 64 and learning rate 2e-5. Explanations
use Qwen3-8B (Team, 2025) via vLLM (Kwon
et al., 2023) with constrained JSON decoding. NLI
uses an ensemble of RoOBERTa-large-MNLI and
BART-large-MNLI. Experiments run on a single
H100 GPU.

5 Results

5.1 Detection Performance on
Artifact-Aligned Noise

Table 1 shows detection metrics on artifact-aligned
noise, where mislabeled examples contain spuri-
ous markers that enable confident classifier fitting.
This is the failure mode for confidence-based meth-
ods: the classifier learns to predict wrong labels
from artifacts with high confidence, making those
examples invisible to loss-based detection.!

Why Confidence-Based Methods Fail. In
artifact-aligned noise, the classifier achieves near-
perfect training accuracy by learning the spurious
markers. Cleanlab, loss-based, and margin-based

!Cleanlab, High-Loss, and AUM show identical AUROC
(0.107) because all three methods produce highly correlated
rankings based on classifier confidence, and the artifact-
induced mislabeled examples are consistently ranked as least
suspicious across all methods.

Method AUROC AUPRC
Cleanlab 0.977 0.854
LLM Mismatch 0.901 0.632
ECG (input) 0.880 0.492
ECG 0.943 0.724

Table 2: Detection on random noise (10%). Cleanlab
excels as expected. ECG remains competitive (0.943),
only 3.4% behind Cleanlab.

methods all rely on mislabeled examples causing
low confidence or high loss. But mislabeled ex-
amples have high confidence (due to markers) and
low loss, making them rank as the least suspicious.
This inverts the detection signal, yielding AUROC
below 0.5 (worse than random).

ECG vs. ECG (input). Both methods use the
same neighborhood surprise algorithm, but on dif-
ferent embeddings:

* ECG (input) (0.671): Uses sentence embed-
dings of the raw input text

* ECG (0.832): Uses sentence embeddings of
the LLM’s explanation (evidence + rationale)

The 24% improvement demonstrates that explana-
tion embeddings capture “why this label” rather
than “what this text is about,” revealing label incon-
sistencies invisible in input space.

Multi-Signal Aggregation Hurts. Surprisingly,
combining multiple signals (ECG (multi-signal):
0.547) degrades performance compared to ECG
alone (0.832). We analyze this counterintuitive
result in §6.

5.2 Detection Performance on Random Noise

Table 2 shows results on random label noise, where
labels are flipped uniformly without artifacts. This
is the setting where confidence-based methods are
expected to excel.

Two-Regime Comparison. Table 3 summarizes
the key finding: Cleanlab performs well on
random noise but poorly on artifact noise. It
achieves near-perfect detection on random noise
(0.977 AUROC) but degrades sharply on artifact
noise (0.107 AUROC). ECG is robust across both
regimes.

5.3 Downstream Improvements

Table 4 shows accuracy after cleaning with ECG.
Removing the top 2% of flagged instances yields a
+0.57% accuracy improvement.



Method Artifact Random Robust?
Cleanlab 0.107 0.977 X
ECG (input) 0.671 0.880 v
ECG 0.832 0.943 v

Table 3: Robustness across noise regimes. Cleanlab
fails on artifact noise (0.107) despite excelling on ran-
dom noise (0.977). ECG is robust: best on artifacts,
competitive on random.

K% Precision Accuracy A
0% (baseline) — 93.58% —
1% 66.8% 93.58% +0.00%
2% 57.4% 94.15%  +0.57%
5% 40.6% 93.81% +0.23%
10% 29.7% 93.00% —0.57%

Table 4: Downstream accuracy after removing top-
K% suspicious instances by ECG. Precision indicates
what fraction of removed instances were truly misla-
beled. K=2% achieves the best accuracy improvement
(+0.57%).

Precision-Recall Tradeoff. At K=1%, precision
is highest (66.8%) but too few noisy examples are
removed to impact accuracy. At K=10%, recall
is high but precision drops (29.7%), removing too
many clean examples. K=2% balances this trade-
off.

5.4 Ablation Studies

Noise Rate Sensitivity. Table 5 shows ECG’s
advantage over ECG (input) is consistent across
noise rates (5%, 10%, 20%) and increases at higher
noise rates on artifact-aligned noise.

Dataset Size Sensitivity. Table 6 shows ECG’s
advantage is largest on smaller datasets (+0.255
AUROC at 5k vs. +0.161 at 25k).

LLM Size Trade-off. Table 7 shows smaller
LLMs (1.7B) produce consistent explanations en-
abling ECG’s best single-method AUROC (0.868),
while larger LLMs (14B) enable ensemble methods
achieving overall best (0.896).

6 Analysis

Why Explanations Succeed Where Confidence
Fails. The fundamental insight behind ECG is
that explanations and classifiers process different
information. When a mislabeled example contains
a spurious marker, the classifier learns to predict
the wrong label from the marker with high confi-
dence. This is precisely the scenario where confi-

Method 5% 10% 20%
Artifact-Aligned Noise

ECG 0.815 0.832 0.847
ECG (input)  0.658 0.671 0.679
A +0.157  +0.161  +0.168
Random Noise

ECG 0.931 0.943 0.952
ECG (input)  0.892 0.901 0.908
A +0.039 +0.042 +0.044

Table 5: AUROC across noise rates. ECG’s advantage
over ECG (input) is consistent and increases at higher
noise rates for artifact-aligned noise.

Method Sk 10k 25k

ECG 0.819 0.827 0.832
ECG (input)  0.564 0.628 0.671
A +0.255  +0.199 +0.161

Table 6: AUROC on artifact-aligned noise across dataset
sizes. ECG’s advantage is largest on smaller datasets.

dent learning fails (Northcutt et al., 2021a). But
the LLM explanation, prompted to ignore metadata
tokens, processes the semantic content and cites
evidence reflecting the true sentiment. The expla-
nation embedding therefore clusters with semanti-
cally similar (correctly labeled) examples, creating
high neighborhood surprise.

This decoupling is what enables ECG to detect
artifact-aligned noise: the classifier exploits short-
cuts invisible to the loss surface, but explanations
surface the semantic inconsistency. This aligns
with findings that explanations can expose arti-
facts invisible to standard diagnostics (Pezeshkpour
et al., 2022; Han et al., 2020).

Why Multi-Signal Aggregation Failed. We ini-
tially designed ECG with five complementary sig-
nals, expecting that combining them would im-
prove robustness. Instead, multi-signal aggrega-
tion (0.547 AUROC) substantially underperformed
simple ECG (0.832). The primary culprit is the
training dynamics signal (Sgyn), which is anti-
correlated with noise under artifact conditions.
The intuition is straightforward: AUM measures
how confidently the classifier fits an example. Un-
der artifact-aligned noise, mislabeled examples
have spurious markers that make them easy to
learn: they achieve high confidence and high AUM.
Our signal Sgy, = —AUM therefore assigns low
suspicion to exactly the examples we want to de-
tect. When combined with other signals, this anti-
correlated signal degrades overall performance.



Method 1.7B 14B

ECG 0.868 0.595
Artifact Detection  0.523  0.687
Ensemble 0.841 0.896

Table 7: AUROC by LLM size. Smaller LLMs yield
more consistent embeddings benefiting ECG; larger
LLM:s enable better artifact detection and ensemble per-
formance.

This finding has implications beyond ECG:
training dynamics signals can degrade perfor-
mance when combined with explanation signals
under artifact-driven noise. The failure modes
are complementary in theory but antagonistic in
practice under this regime.

When to Use ECG vs. Cleanlab. Our results
suggest a simple practical guideline:

* If you suspect random annotation errors
with no systematic pattern, use Cleanlab (AU-
ROC 0.977)

* If you suspect artifact-aligned noise or spuri-
ous correlations causing confident fitting, use
ECG (AUROC 0.832)

* If you are uncertain about noise type, ECG
is safer: it remains competitive on random
noise (0.943) while avoiding catastrophic fail-
ure on artifacts

LLM Size Trade-off. Our ablation (Table 7) re-
veals a fundamental trade-off in LLM-generated ex-
planations for data quality. Smaller LLMs (1.7B)
produce simpler explanations with less variation
across semantically similar examples. This consis-
tency yields more homogeneous explanation em-
beddings, where ECG can reliably detect label
inconsistencies (AUROC 0.868). Larger LL.Ms
(14B) produce richer, more nuanced reasoning, but
this diversity creates more heterogeneous embed-
dings that hurt ECG’s neighborhood detection (AU-
ROC 0.595). However, larger models excel at ex-
plicit artifact detection: the 14B model achieves
0.705 AUROC on artifact detection vs. 0.522 for
1.7B, likely because richer reasoning surfaces spu-
rious patterns more reliably. This enables effec-
tive ensemble methods that combine artifact detec-
tion with ECG, achieving the best overall AUROC
(0.896). The implication is that explanation model
selection should match the detection strategy:

simpler models for ECG’s embedding-based detec-
tion, larger models for reasoning-based ensemble
methods.

Failure Cases and Limitations. ECG struggles
with genuinely ambiguous sentences where the
LLM is also uncertain. Distinguishing “ambigu-
ous” from “mislabeled” remains challenging, a
known difficulty in noisy label detection (Maini
et al., 2022). ECG also depends on the LL.M cor-
rectly ignoring spurious markers. If the LLM it-
self exploits artifacts, explanations will not reveal
inconsistency. We mitigate this through explicit
prompting (instructing the LL.M to ignore tokens
in angle brackets), but future work should explore
more robust explanation methods.

Computational Cost. LLM explanation genera-
tion is the main bottleneck (~10 minutes for 25k
examples on H100 with vLLM batched inference).
Explanations are generated once and cached; sub-
sequent embedding and kNN computation take <5
minutes. For larger datasets, selective explanation
(only for high-entropy examples) could reduce cost.

7 Conclusion

We introduced Explanation-Consistency Graphs
(ECG), demonstrating that neighborhood surprise
computed in explanation embedding space substan-
tially outperforms the same algorithm on input em-
beddings for detecting mislabeled training exam-
ples. On artifact-aligned noise (where Cleanlab
degrades to 0.107 AUROC), ECG achieves 0.832
AUROC, a 24% improvement over ECG (input)
(0.671). ECG remains competitive on random noise
(0.943 vs. Cleanlab’s 0.977), providing a robust
method across noise regimes.

Our analysis reveals that the primary value lies in
the explanation representation rather than complex
signal aggregation. Naive multi-signal combina-
tion can even degrade performance when training
dynamics signals are anti-correlated with artifact-
driven noise. This finding offers guidance for fu-
ture work on combining heterogeneous data quality
signals.

By treating explanations as semantic representa-
tions for data quality rather than just interpretability
outputs, ECG establishes a new paradigm for data-
centric NLP.



Limitations

Synthetic Noise. Our primary experiments use
synthetic artifact-aligned noise. While this cleanly
demonstrates ECG’s advantages, real-world anno-
tation artifacts may be more subtle and diverse. Fu-
ture work should evaluate on naturally-occurring
noise patterns.

Single Dataset. We evaluated exclusively on
SST-2 sentiment classification. While SST-2 is
a standard benchmark, generalization to other do-
mains (e.g., NLI, question answering, named entity
recognition) and languages remains to be demon-
strated.

LLM Dependence. ECG relies on the LLM gen-
erating faithful, structured explanations. If the
LLM systematically fails on certain instance types
(e.g., sarcasm, negation), those failures propagate.
We mitigate this with stability sampling, but more
robust explanation verification remains important.

Single-Run Results. We report results from sin-
gle experimental runs without error bars or con-
fidence intervals. While our main findings show
large effect sizes (e.g., 0.832 vs 0.107 AUROC),
future work should include multiple runs with dif-
ferent random seeds to quantify variance.

Computational Cost. Generating explanations
for large datasets (millions of examples) may be
prohibitive. Strategies like selective explanation
(only for high-entropy examples) could reduce cost.

Binary Classification. We evaluated on binary
sentiment classification. Extension to multi-class
and structured prediction tasks requires adapting
the graph construction and scoring mechanisms.

Ethical Considerations

Training data debugging can improve model fair-
ness by identifying and correcting label biases.
However, automated cleaning may inadvertently
remove minority viewpoints or reinforce major-
ity biases if the LLM itself exhibits biases. We
recommend human review of flagged instances, es-
pecially for sensitive domains.

Use of Al Assistants. Al writing assistants were
used for code debugging, LaTeX formatting, and
editorial suggestions during manuscript prepara-
tion. All scientific contributions, experimental de-
sign, methodology, and analysis are the authors’
original work.
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A Explored Multi-Signal Extensions

In addition to neighborhood surprise (Syp), we ex-
plored four additional signals. While theoretically
motivated, combining them with Sy, degraded per-
formance on artifact-aligned noise. We document
them here for completeness.

NLI Contradiction (Sy;). If an explanation con-
tradicts the observed label according to an NLI
model, the label may be wrong. We form premise
t; (explanation text) and hypothesis h(y;) (“The
sentiment is [label].”), then compute:

(6)

Snli(i) =P, contradict — P entail

using an ensemble of NLI models (RoBERTa-large-
MNLI, BART-large-MNLI).

Artifact Focus (Sar¢). If the LLM’s cited evi-
dence contains known spurious tokens:

. Tokens(evidence;) NS
Sart(z) — ‘ ( ’L) |

(7

|Tokens(evidence; )|
where S is the set of known spurious tokens.

Instability (Sgp). High explanation variance
may indicate ambiguous instances:

Sstab(i) =1-p; 3

where p; is the reliability score from stability sam-
pling.

Training Dynamics (Sgyn). Low AUM indicates
the classifier struggles with this example:

Sayn (i) = —AUM(1) )

Parameter Value

Classifier

Model RoBERTa-base
Learning rate 2e-5

Batch size 64

Epochs 3

Max length 128

Explanation

LLM Qwen3-8B
Primary temperature 0.0

Sample temperature 0.7

Stability samples 3

Max new tokens 150

Graph

Embedding model all-MiniLM-L6-v2
k (neighbors) 15

Temperature 7 0.07

Similarity threshold ~ 0.35

Signals

NLI models RoBERTa-large-MNLI,

Smoothing e

BART-large-MNLI
le-3

Table 8: Hyperparameters for all experiments.

Why Aggregation Failed. Under artifact-aligned
noise, Sayn is anti-correlated with noise because
artifacts make mislabeled examples easy to learn
(high AUM). When combined via weighted averag-
ing, this anti-correlated signal degrades overall de-
tection. Future work should explore noise-regime-
aware signal selection.

B Implementation Details

Hyperparameters. Table 8 lists all hyperparam-
eters used in experiments.

Prompt Template.
nation generation is:

The LLM prompt for expla-

You are a careful annotator.

Task: classify the sentiment of the
INPUT as POSITIVE or NEGATIVE.

IMPORTANT: Ignore any metadata tokens
in angle brackets 1like <lbl_pos>,
<lbl_neg>.

Return ONLY valid JSON with keys: -
"pred_label”: "POSITIVE" or "NEGATIVE"
- "evidence": array of 1-3 EXACT
substrings - "rationale”: one sentence,
<25 tokens - "counterfactual”: minimal

change to flip sentiment - "confidence":
integer 0-100

INPUT: {sentence}

C Supplementary Related Work

This appendix provides extended discussion of re-
lated work topics that support but are not central to
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ECG’s main positioning.

C.1 Extensions of Confident Learning

Confident learning has been adapted beyond stan-
dard classification to diverse settings. Token-level
label error detection extends the confident joint for-
mulation to NER, where individual tokens rather
than full sequences may be mislabeled (Wang and
Mueller, 2022). Multi-label classification requires
handling the combinatorial label space and partial
label noise (Thyagarajan et al., 2022). Label-biased
settings, where annotator bias patterns systemati-
cally correlate with certain features, require decou-
pling bias patterns from noise detection (Li et al.,
2025). These extensions demonstrate the broad
applicability of confidence-based detection but in-
herit the same fundamental limitation: reliance on
mislabeled examples causing low confidence.

C.2 Additional Training Dynamics Signals

Beyond AUM and CTRL-style dynamics, second-
split forgetting (Maini et al., 2022) characterizes
datapoints by how quickly they are forgotten during
continued training on a held-out split. Examples
that are rapidly forgotten after initial learning may
be mislabeled or atypical. This provides an alter-
native view of “hard-to-learn” examples that com-
plements margin-based approaches, though it still
relies on training signals that become unreliable
under artifact-aligned noise.

C.3 Robust Graph Construction in NLP

Graph-based cleaning depends critically on embed-
ding quality, and NLP embeddings may be noisier
or less well-calibrated than vision-style features
(Zhu et al., 2022). Several approaches address this
challenge. Dual-kNN methods combine text em-
beddings with label-probability representations to
create more stable neighbor definitions under noise
(Yuan et al., 2025). Robust contrastive learning ad-
dresses noise in positive pairs by explicitly model-
ing and downweighting likely-corrupted pairs dur-
ing representation learning (Chuang et al., 2022).
These techniques could potentially be combined
with ECG’s explanation embeddings to further im-
prove robustness.

C.4 LLM-Generated Explanations: Structure
and Reliability

Structured Output Generation. Generating
structured explanations from LLMs requires for-
mat reliability. Grammar-constrained decod-
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ing guarantees outputs match a target schema
(Geng et al., 2023), essential when downstream
processing is brittle to parsing failures. Subword-
aligned constraints reduce accuracy loss from
token-schema misalignment (Beurer-Kellner et al.,
2024). The FOFO benchmark reveals that strict
format-following is a non-trivial failure mode for
open models (Xia et al., 2024), motivating our
use of schema-guaranteed generation rather than
prompt-only formatting.

Faithfulness and Plausibility. A central concern
with LLM explanations is that plausible explana-
tions may not be faithful to the model’s actual rea-
soning (Agarwal et al., 2024). Faithfulness varies
by explanation type and model family (Madsen
et al., 2024). Self-consistency checks can test
whether different explanation types are faithful to
the decision process (Randl et al., 2024). Pertur-
bation tests offer a direct route to faithfulness: if
an explanation claims feature X is important, re-
moving X should change the prediction (Parcal-
abescu et al., 2024). ECG addresses faithfulness
concerns not by assuming explanations are faith-
ful, but by verifying them through neighborhood
agreement: if an explanation’s embedding clusters
with correctly-labeled examples, the explanation is
likely meaningful regardless of whether it captures
the LLM’s “true” reasoning.

Explanation Stability and Uncertainty. LLM
explanations can be unstable across prompts and
random seeds. Explanation-consistency finetuning
improves stability across semantically equivalent
inputs (Chen et al., 2025). SaySelf trains models
to produce calibrated confidence and self-reflective
rationales using inconsistency across sampled rea-
soning chains (Xu et al., 2024). These findings
motivate ECG’s stability sampling and reliability
weighting: by generating multiple explanations per
instance and measuring agreement, we can identify
instances where the LLLM is uncertain and down-
weight their contribution to neighborhood signals.

Label Leakage in Rationales. Rationales can
correlate with labels in ways enabling leakage,
where a model can predict the label from the ratio-
nale without looking at the input (Wiegreffe et al.,
2021). ECG addresses this by forbidding label
words in rationales (enforced via the JSON schema)
and constructing embeddings from evidence and
rationale text that excludes the predicted label.



