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Abstract

Automatic Speech Recognition has advanced sig-
nificantly with models like Whisper, yet confident
hallucinations remain a critical challenge. In this
work, we propose a lightweight and interpretable
error detection framework that augments acoustic
confidence with explicit contextual features. We
introduce the Local Confidence Drop (d,r.p), a
novel metric designed to capture sudden stability
dips between neighboring tokens. Evaluated on
the FLEURS dataset, our Random Forest classi-
fier achieves 0.64 AP, consistently outperforming
the baseline (p < 0.001). Crucially, we demon-
strate that hallucinations manifest as local con-
textual discontinuities, providing a transparent
alternative to opaque neural post-processors.

1. Introduction

Automatic Speech Recognition (ASR) has experienced im-
portant progress over the past decade, driven by advances
in deep learning and the availability of large-scale speech
datasets (Hinton et al., 2012; Baevski et al., 2020). Mod-
ern ASR systems now achieve near-human performance in
many controlled conditions and are increasingly deployed
in real-world applications such as transcription, voice assis-
tants, and accessibility tools. Transformer-based architec-
tures have improved robustness and generalization across
speakers, languages, and acoustic conditions (Li et al., 2022;
Dong et al., 2018).

Among recent models, Whisper (Radford et al., 2023) has
emerged as a strong foundation model for speech recog-
nition. Trained on large-scale multilingual and multitask
data, Whisper demonstrates impressive performance across
diverse domains, noisy environments, and low-resource set-
tings. Its unified architecture enables competitive results
without task-specific fine-tuning. Despite these advances,
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ASR systems still produce errors. Automatically detecting
such errors is therefore crucial for downstream applications
that rely on transcription reliability.

Automatic error detection in speech recognition has been
widely investigated, primarily through confidence estima-
tion (Swarup et al., 2019; San-Segundo et al., 2001). Early
work derived measures from decoding statistics like word
posteriors and lattice features (Evermann & Woodland,
2000; Wessel et al., 2002), demonstrating their utility for hy-
pothesis rejection and semi-automatic transcription. Related
efforts also explored pronunciation and duration features to
improve word-level detection (Jiang, 2005).

With the shift toward end-to-end ASR, research expanded
to neural posteriors, entropy, and internal representations
as uncertainty indicators (Li et al., 2021; 2019). Recent
work increasingly leverages model-derived confidence and
contextual features. For instance, RED-ACE (Gekhman
et al., 2022) jointly exploits ASR hypotheses and confi-
dence features, improving substitution error detection. Sim-
ilarly, several studies have investigated token-level confi-
dence estimation using neural posterior distributions and
entropy-based measures to identify unreliable predictions
(Li et al., 2021). Ogawa et al showed that supervised clas-
sifiers combining acoustic, lexical, and decoding features
outperform traditional confidence measures, particularly un-
der class imbalance (Ogawa et al., 2021). Some studies have
examined confidence estimation and error detection specifi-
cally in large-scale multilingual ASR systems showing that
confidence scores alone often fail to capture linguistically
plausible substitution errors (Kuhn et al., 2025; Ravi et al.,
2025; Shi, 2023; Laptev & Ginsburg, 2023). These findings
motivate approaches that integrate multiple heterogeneous
features—beyond model confidence—to achieve more ro-
bust and generalizable automatic error detection.

In this paper, we investigate which features have the greatest
impact on automatic error detection and, in line with the
literature, show that combining multiple features improves
detection performance. In Section 2, we present our method-
ology, and in Section 3, we describe our experimental setup
and report the results.
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2. Methodology
2.1. Dataset and Ground Truth Alignment

We used the FLEURS dataset (Conneau et al., 2022) to
evaluate our error detection system. Since ASR models
output raw text sequences without explicit error markers,
we generated binary supervision labels at the word level by
aligning the ASR hypothesis with the reference transcript.

We evaluated our system using the FLEURS dataset (Con-
neau et al., 2022). For this study, we utilized the Whis-
per base model. To extract our proposed features, we
configured the ASR system to output word-level meta-
data—specifically start/end timestamps and token-level log-
probabilities—alongside the raw text. Since ASR models
lack explicit error markers, we generated binary labels by
aligning the hypothesis with the reference transcript.

We used the Levenshtein distance algorithm to map each
predicted token to its corresponding reference. Based on
this alignment, each word w; in the hypothesis is assigned a
binary label y;:

e y; = 0 (Correct): The word matches the reference
(exact match or normalized variation).

e y; = 1 (Error): The word is identified as a substitution
(incorrect word) or an insertion (hallucination).

Deletions were excluded from the dataset as they do not
correspond to any physical token in the ASR output.

2.2. Feature Engineering

For every transcribed token, we extracted a set of features
designed to capture uncertainty not just from the model’s
internal logits, but also from temporal and semantic inconsis-
tencies. The final feature vector consists of three categories.

2.2.1. INTERNAL UNCERTAINTY SIGNALS

The primary baseline feature is the Confidence Score
(Peony), defined as the log-probability of the predicted token.
While standard, this metric often fails to detect “confident
hallucinations.”

2.2.2. TEMPORAL & PHYSICAL FEATURES

To detect physically improbable transcriptions (e.g., long
words compressed into short audio segments), we extracted:

e Duration (D;): The time difference between the to-
ken’s start and end timestamps. Whisper hallucinations
often have extreme durations: either negligible (0.01s)
or prolonged loops (5s).

* Speech Rate (CPS): Calculated as characters per sec-

ond (Len(wy)/Dy). This detects over-generation. Fit-
ting 50 characters into 0.2s creates a humanly impossi-
ble speech rate.

* Pre-Word Gap: The duration of silence preceding the
current token, as hallucinations frequently occur after
pauses.

2.2.3. CONTEXTUAL & SEMANTIC CONSISTENCY

We hypothesize that errors create local discontinuities in
both confidence and meaning. We engineered specific fea-
tures to capture this:

* Neighboring Confidence: The confidence scores of
the preceding (P;—_1) and succeeding (P;1) tokens.

* Local Confidence Drop (d40p): A custom contrastive
metric measuring how much a token’s confidence devi-
ates from its local context. It is defined as:

P+ P

5drop:Pt* 9

ey
A highly negative 4., indicates a “weak link” within
a confident phrase.

¢ Semantic Validity (MLM Score): We utilized a
masked language model to compute the likelihood
of token w; given the surrounding sentence context,
acting as a grammatical and semantic sanity check
independent of the acoustic model.

2.3. Classification Model

The error detection task is treated as a binary classification
problem. We selected a Random Forest classifier due to its
robustness on tabular data and its interpretability.

Feature Selection Strategy To avoid arbitrary feature
selection, we implemented an exhaustive search approach
(Best Subset Selection). We trained and evaluated indepen-
dent Random Forest models on all possible combinations of
the candidate features defined in Section 3. The optimal fea-
ture set was identified by maximizing the Average Precision
(AP) on the validation set. This rigorous process ensures
that the final model relies only on the most discriminative
signals while discarding redundant noise (e.g., ineffective
pre-word gap measures).

Training Strategy The dataset is inherently imbalanced,
with errors constituing a small minority of the words. To
prevent the model from biasing towards the majority class
(Correct) we applied Random Undersampling on the train-
ing set to achieve a balanced 50/50 class distribution.
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3. Experiments & Results
3.1. Experimental set-up

We optimized our parameters on the provided validation set
and the evaluation on the test set of FLEURS. We selected
four languages: English, French, Italian and German. We
had 1437 sentences for the validation and 3050 for the test.

Metrics: Given the significant class imbalance, we prior-
itize Average Precision over standard accuracy or ROC-
AUC. AP summarizes the precision-recall trade-off across
all possible decision thresholds, making it the most reliable
metric for rare event detection. We also report the Max-F1
Score.

Hyperparameter Optimization We performed a Grid
Search with Cross-Validation to optimize the forest structure.
The final configuration, selected to yield the best trade-off
between bias and variance, is summarized in Table 1.

Table 1. Optimized Hyperparameters for the Random Forest Clas-
sifier

Hyperparameter Value
Number of Estimators (n_estimators) 350
Maximum Depth (max_depth) 10
Min. Samples per Leaf (min_samples_lea f) 10

Baseline: The baseline method is a threshold-based classi-
fier using the Whisper’s raw token probability: Scorepese =
1— Peony.

3.2. Feature Selection

We performed an exhaustive Best Subset Selection to iden-
tify the most discriminative feature combination. The op-
timization process evaluated candidates based on AP and
AUC.

The optimal configuration achieved an AP of 0.6435 using
a set of 8 features: Confidence, Entropy, Sentence MLM,
Duration, CPS, Previous Conf, Next Conf, and Local Conf
Drop. This indicates that maximizing performance requires
combining acoustic confidence with semantic and contex-
tual awareness (both preceding and succeeding neighbors).
For a detailed comparison of the top-performing subsets,
the complete top-10 ranking is provided in Appendix A.

3.3. Interpretability Analysis

Instead of relying on a black-box approach, we analyzed the
Gini Importance (Mean Decrease in Impurity) to understand
the decision boundaries. The complete breakdown of feature
contributions is detailed in Table 2.

As expected, the raw Confidence (P, ) is the dominant

predictor. Crucially, however, our proposed Local Confi-
dence Drop (J4;0p) ranks as the second most influential
feature. This confirms that the model relies heavily on the
contrast between a word and its neighbors, rather than solely
on absolute confidence. The remaining variance is explained
by local context features (next_conf, prev_conf) and
semantic consistency metrics, while temporal features play
a minor role.

Table 2. Gini Feature Importance (Ranked)

Feature Importance
Confidence (Peon ) 0.524
Local Conf. Drop (64,0p) 0.182
Next Confidence (Py,e.t) 0.084
Previous Confidence (Pprev) 0.070
Sentence MLM 0.060
Token Entropy 0.034
Chars Per Sec (CPS) 0.023
Duration 0.021
Gap Before 0.002

3.4. Main Comparative Results

We evaluated the champion Random Forest model on the
independent Test Set comparing it against the standard con-
fidence baseline (1 — P, f).

Baseline Performance: The baseline method yields an
AP of 0.587 and an ROC-AUC of 0.84. While functional,
its optimal F1-score is limited to 0.585 at a low decision
threshold (Th = 0.28), indicating a struggle to separate
errors from correct words cleanly.

Proposed Method: As illustrated in Figure 1, our multi-
feature approach outperforms this baseline at every operat-
ing point:

* Precision Gain: The model achieves an AP of 0.651
(+6.0pp absolute gain). This confirms that for a fixed
recall target, our model generates significantly fewer
false alarms.

 Calibration: The proposed model reaches a higher
peak Fl-score (= 0.62) with a much more robust deci-
sion threshold (T'h =~ 0.67).

3.5. Statistical Significance

To ensure that the observed gain in Average Precision
(+6.0%) is not an artifact of the specific test set composition,
we performed a Paired T-Test on N = 30 independent test
chunks.

To create these chunks, the evaluation dataset was first ran-
domly shuffled (using a fixed seed for reproducibility) to
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Figure 1. Comparative Analysis on Test Set. Left: ROC Curve. Center: Precision-Recall Curve showing the AP gain (+0.06). Right:
F1-Score calibration showing a higher peak performance for the RF model.

ensure a homogeneous distribution of classes across subsets.
The dataset was then partitioned into N = 30 equal-sized,
non-overlapping subsets. This sample size was deliberately
selected as it represents the standard statistical threshold
required to satisfy the Central Limit Theorem, ensuring the
normality of the sampling distribution for robust parametric
testing.

The results provide strong statistical evidence of superiority:

t=16.94, p<14x1071° )
The 95% confidence interval for the performance gain is
[+0.055, +0.068]. With a T-statistic far exceeding the stan-
dard significance threshold (t > 2.0), we reject the null
hypothesis with extreme confidence. This confirms that the
multi-feature Random Forest systematically and reliably
outperforms the acoustic confidence baseline.

4. Discussion

The results presented above demonstrate that a lightweight
post-processing classifier can improve error detection in
ASR transcripts (+6.0% AP gain). Beyond the performance
metrics, our analysis highlights two observations regarding
the characterization of hallucinations.

4.1. Interpretability & Contextual Contrast

Standard approaches often rely on atomic uncertainty (Jiang,
2005; Wessel et al., 2002) or implicit embeddings within
”black-box” neural networks (Gekhman et al., 2022). Our
Feature Importance analysis offers a more transparent per-
spective. The high ranking of the Local Confidence Drop
(6drop) confirms hallucinations manifest as local disconti-
nuities “weak link” in confident sequence. Crucially, by
mathematically formalizing this contrast, we demonstrate
that the detection mechanism does not require complex la-
tent representations. This explicit modeling offers a key

advantage over end-to-end approaches: it provides explain-
ability to the end-user, allowing them to understand why a
specific word was flagged (e.g., due to a sudden confidence
dip relative to its neighbors).

4.2. Computational Efficiency

To assess real-time viability, we measured processing la-
tency. While Whisper averages 232 ms per utterance, our
method adds only 62 ms (+26.6%). This minimal overhead
confirms our approach is lightweight unlike computationally
expensive LLM rescoring.

4.3. Robustness Considerations

We note that our evaluation was performed on the FLEURS
corpus, which consists of high-quality, single-speaker read
speech. In such a controlled environment, the acoustic base-
line is naturally strong. Our consistent improvement in this
setting is encouraging. We hypothesize that the proposed
features might be particularly relevant in more complex
scenarios, such as spontaneous conversational speech or
noisy environments. In contexts where acoustic confidence
becomes less reliable due to background noise, semantic
consistency (MLM) and contextual stability could offer a
valuable complementary signal, although this remains to be
empirically validated on spontaneous speech datasets.

4.4. Limitations
Our study presents specific limitations that define the scope

of these findings:

¢ Domain Specificity: The model was trained and tested
on read speech. Its generalization to spontaneous con-
versation (characterized by disfluencies and interrup-
tions) has not yet been assessed.

* Language Resource Dependency: While the Random
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Forest architecture is language-agnostic, the seman-
tic feature relies on the availability of a pre-trained
BERT-like model for the target language. However, the
inference cost remains low compared to the ASR tran-
scription time itself (= 20 x faster in our experiments).

5. Conclusion

In this work, we presented a lightweight and interpretable
framework for ASR error detection. By enriching acoustic
confidence with contextual and semantic features, our Ran-
dom Forest classifier consistently outperforms the standard
baseline on the FLEURS test set.

Our analysis offers a transparent alternative to opaque neural
post-processors. We demonstrate that hallucinations man-
ifest as local contextual discontinuities rather than atomic
uncertainty events. The efficacy of our Local Confidence
Drop (4rop) confirms that explicitly modeling the contrast
between a token and its neighbors is essential for detecting
”confident” errors.

These findings support the development of transparent and
resource-efficient ASR systems, capable of providing ex-
plainable flags for human review. Future work will extend
this interpretability-driven approach to spontaneous conver-
sational speech and diverse ASR architectures. It could
also include to transpose this work in different domains like
Optical Music or Text Recognition.
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A. Detailed Feature Selection Results

Table 3 presents the top-10 feature combinations identified during the exhaustive search, sorted by AP.

Table 3. Top 10 Feature Combinations (Sorted by AP)
Rank AP AUC Count Features Included
0.6435 0.8760 8 Conf, Ent, MLM, Dur, CPS, Prev, Next, dgrop
0.6432 0.8759 9 Rank 1 + Gap_before
0.6430 0.8758 Conf, Ent, MLM, Dur, CPS, Next, darop
0.6424 0.8756 Conf, Ent, MLM, Dur, CPS, Gap, Next, d4ro0p
0.6418 0.8736 Conf, Ent, MLM, Dur, CPS, Next
0.6416 0.8757 Conf, MLM, Dur, CPS, Gap, Prev, Next, dqrop
0.6413 0.8755 Conf, MLM, Dur, CPS, Prev, Next, dqrop
0.6412 0.8762 Conf, Ent, MLLM, Dur, CPS, Prev, Next
0.6410 0.8761 Conf, MLM, Dur, CPS, Prev, Next
0.6410 0.8738 Conf, Ent, MLM, Dur, CPS, Gap, Next

Note: Abbreviations used: Conf (Pecon 5), Ent (Entropy), MLM (Sentence MLM), Dur (Duration), CPS (Chars/sec), Prev (Ppr.ey ), Next (Prneqt), Gap (Gap before), $arop
(Local Conf Drop).
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