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Abstract—Large language models can post-edit ASR by using
linguistic context to compare N-best hypotheses and rewrite the
transcript when needed, often improving WER without retraining
the recognizer. However, prompt-only correction is brittle: it
may over-edit when top-1 is correct and hallucinate when the
reference is absent, and often needs very large models. We
propose oracle-guided fine-tuning that turns N-best lists into
supervision via three curated pools: corrections (reference in
the list but not top-1) to teach selection, regularizers (top-1
correct) to discourage unnecessary rewrites, and hard negatives
(reference absent) to suppress hallucination. Fine-tuning on this
data provides more effective supervision than random subset fine-
tuning for learning a hybrid select-or-rewrite policy, with the
clearest gains from around 3B parameters on the proprietary
dataset but less conclusive results on CommonVoice, a divergence
suggesting that public read-speech text may overlap with LLM
pretraining and mask genuine post-editing gains.

Index Terms—automatic speech recognition, ASR post-editing,
N-best rescoring, large language models, oracle-guided fine-
tuning.

I. INTRODUCTION

End-to-end automatic speech recognition (ASR) systems
such as Whisper [1] have substantially improved transcrip-
tion quality, yet errors remain frequent on challenging audio
and long-tail phenomena (e.g., proper nouns, numbers, and
rare word forms). Crucially, many of these errors may be
recoverable: beam-search decoding produces an N-best list
that often contains a more accurate alternative than the top-1
output. This naturally motivates a second-pass module that
uses broader linguistic context to compare candidates and
resolve ambiguities that local, token-level scoring may miss.

Classic second-pass rescoring typically combines acoustic
and language model scores through linear interpolation (e.g.,
shallow fusion) [2]. While efficient, such methods still tend to
evaluate hypotheses largely independently and can underutilize
the confusion structure encoded in the N-best list, limiting
gains from long-range semantic disambiguation [3]. Recent
work therefore explores large language models (LLMs) as
post-editors or rerankers. In principle, prompted LLMs can
reason about candidate differences, but practical use remains
brittle: unconstrained generation may hallucinate or over-edit

when the Top-1 hypothesis is already correct, while restricting
outputs to the N-best list caps performance at the oracle
candidate quality [4], [5]. Moreover, strong results often rely
on very large or multimodal models [3], increasing latency
and cost; smaller LLMs frequently underperform without task-
specific adaptation.

We address these issues with Oracle-Guided Fine-Tuning, a
data-centric framework that teaches an LLM a hybrid select-
or-rewrite policy for ASR post-editing from N-best hypothe-
ses. The key idea is to use oracle information during training
(i.e., the ground-truth transcript) to label how each N-best list
should be handled, and to curate a balanced instruction-tuning
set that explicitly trains three behaviors: (i) selection when the
correct transcript is present in the list, (ii) conservatism when
Top-1 is already correct (to discourage unnecessary edits), and
(iii) hallucination suppression when the reference is absent
(to prevent unsupported rewrites). This turns N-best lists into
supervision that aligns the model with realistic second-pass
decision boundaries.

Across two datasets with contrasting properties, we evaluate
whether oracle-guided curation provides better supervision
than randomly selected training examples under the same fine-
tuning data budget. Rather than a uniform gain, we find a
clear divergence between the two settings. On the proprietary
conversational corpus, the curated subset is clearly the most
effective and its benefit becomes reliable from around 3B LLM
parameters; on CommonVoice, however, its advantage over
random selection and prompting is less conclusive. We argue
that this contrast is itself informative: it points to the influence
of domain and, possibly, of overlap between public read-
speech benchmark text and LLM pretraining data, motivating
our discussion of how such factors complicate the evaluation
of LLM-based ASR post-editing on public benchmarks.

Contributions. (1) We propose an oracle-guided fine-tuning
recipe that converts ASR N-best lists into curated supervision
for a select-or-rewrite post-editor. (2) We introduce a three-
pool data construction strategy, corrections, regularizers, and
hard negatives, that targets over-editing and hallucination
failure modes. (3) We show that oracle-guided curation outper-
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forms random subset fine-tuning under a matched data budget,
especially on the proprietary definedAI dataset and from 3B-
scale LLMs.

II. RELATED WORK

Recent work has explored the use of large language mod-
els (LLMs) for post-ASR processing, including hypothesis
rescoring, generative error correction, contextual correction,
and speech-aware or training-time extensions.

A. LLM-based ASR Hypothesis Rescoring and Generative
Correction

A growing body of work applies LLMs at inference time for
post-ASR correction, framing the task as text generation from
either a 1-best hypothesis or an N-best list. Prompting-based
pipelines show that frozen LLMs can perform N-best rescoring
or generative correction through in-context learning, including
task-activating prompts for ASR correction [6]. The GenSEC
challenge further formalizes this setting as a benchmark, cov-
ering transcription correction and related speech-processing
tasks such as speaker tagging and emotion recognition [7].

Several works investigate how to better exploit N-best
hypotheses. Some studies use LLMs to rewrite or correct from
N-best lists, showing that generative correction can go beyond
simple hypothesis reranking [8]. Other works expand or refine
the candidate space, for example by prompting LLMs to gener-
ate additional hypotheses before reranking them with acoustic
and linguistic scores [9], or by using LLMs to select a smaller
and more informative hypothesis subset before downstream
correction [10]. Prompt design has also been studied explicitly,
with evolutionary prompt optimization used to search for more
effective post-ASR correction instructions [11].

Despite their effectiveness, these approaches typically rely
on prompting frozen LLMs, often very large ones (e.g., GPT,
LLaMA, BLOOM), and remain prone to over-editing, hallu-
cinated corrections, and high computational cost. They also
leave open how much of the desired select-or-rewrite behavior
can instead be learned through fine-tuning, and at what model
size such a fine-tuned post-editor becomes reliable. We study
this question by comparing prompting against oracle-guided
fine-tuning across model sizes.

B. Robust, Contextual, and Multilingual ASR Error Correction

Another line of work studies LLM-based ASR correction
under more challenging or specialized conditions, including
noisy speech, domain shift, rare words, named entities, and
low-resource languages. Robustness-oriented methods incor-
porate additional signals such as N-best diversity, synthetic
data, retrieval, and phonetic context to improve correction
under noisy or domain-specific conditions [12]–[14]. These
studies show that correction quality depends not only on the
LLM itself, but also on whether the input provides sufficient
evidence for difficult words, named entities, and domain-
specific terms.

Contextual ASR correction has also been explored in goal-
oriented dialogue, where dialogue states, task context, and

LLM-augmented task lists are used to rerank N-best hypothe-
ses or recover plausible user goals [15]. This is related to our
motivation in that it uses information beyond the Top-1 ASR
output, but it focuses on task-specific contextual ranking rather
than generative N-best post-editing. Unlike these methods,
which improve correction mainly by enriching the input with
extra signals or context, we keep the N-best text fixed and
study which training examples are most useful for fine-tuning
a generative post-editor.

Recent work further evaluates LLM-based correction across
languages, tasks, and resource conditions. Multilingual and
multitask benchmarks study generative correction for both
ASR and speech translation across many languages and decod-
ing settings [16], while low-resource studies show that model
scale and adaptation strategy can strongly affect correction
performance, with smaller fine-tuned models sometimes out-
performing larger LLMs [17].

C. Speech-Aware and Training-Time Extensions

While most LLM-based post-ASR correction methods oper-
ate on text hypotheses alone, recent work has explored adding
speech or multimodal evidence to improve faithfulness to
the source signal. Speech-aware and audio-visual approaches
provide the LLM with source speech, speech-derived repre-
sentations, or visual features in addition to N-best hypothe-
ses, reducing the risk of fluent but acoustically unsupported
corrections [18], [19]. These methods address a limitation of
text-only post-editing, but require additional access to speech
or multimodal inputs, whereas our setting focuses on N-best
text hypotheses produced by an ASR system.

Other extensions use LLMs or specialized correction models
beyond direct inference-time post-editing. Prior work has used
textual and speech LLMs to refine hypotheses from multiple
ASR systems for pseudo-label generation [20], explored com-
pact task-specific correction models for better latency and con-
trollability [21], and studied full-text or 1-best correction with
document-level, multilingual, or phonetic information [21],
[22]. These directions are complementary to our work. In
contrast, we focus on reference-guided data selection for
fine-tuning a generative N-best post-editor, asking whether a
behavior-targeted subset can teach the model when to select,
preserve, or cautiously rewrite hypotheses under a matched
subset-size comparison.

III. METHOD

A. System Overview

Our framework performs LLM-based generative rescoring
of ASR outputs using N-best hypotheses, illustrated in Fig. 1
with three stages, i.e., (1) ASR decoding with beam search,
(2) Data curation, and (3) LLM-based select-or-rewrite post-
editing. Formally, given an input speech signal x, the ASR
system generates a set of N candidate hypotheses H =
{y1, y2, ..., yN}. The goal is to identify the hypothesis y∗ ∈ H
or generate a new sequence ŷ that minimizes the Word Error
Rate (WER) with respect to the ground truth.



1. Recoverable error → teach selection
2. Top-1 already correct → teach preservation
3. Reference absent → teach cautious rewriting

Fine-tuning (LoRA)

Zero-shot

Few-shot

N-best (test split)

Speech Dataset N-best

Stage 1: ASR Hypothesis (N-Best)

Data Curation

N-best
(oracle-guided training set)

Stage 2: Data Curation

Fine-tuned

Stage 3: LLM-based Generative Selection / Rewriting

Beam Search

N-best (train split)

❄

LLMOutput HypothesisWER (%)
🔥

ASR System

Fig. 1. Pipeline overview of the oracle-guided select-or-rewrite framework. ASR beam search produces N-best lists for training and test utterances. Training
N-best lists are compared with references and curated into behavior-targeted pools for LoRA fine-tuning, while test N-best lists are given to the LLM for
generative selection or rewriting and evaluated with WER.

Stage 1: ASR hypothesis generation. Specifically for this
work, each input utterance is decoded using Whisper [1],
applying the beam search to produce an N-best list (N = 12).
The Top-1 hypothesis is the baseline ASR output, and the
remaining candidates capture alternative transcriptions. This
broader candidate set shifts disambiguation from the acoustic
model toward language-level reasoning [4].
Stage 2: Oracle-guided Data Curation and Fine-tuning.
Generic LLMs often over-correct or hallucinate on ASR out-
puts. We therefore build a balanced instruction-tuning dataset
with oracle-guided curation. We define three sample-level
signals:

1) Difficulty (δ): WER of the Top-1 hypothesis.
2) Diversity Proxy (div): mean pairwise WER between

Top-1 and top-K candidates.
3) Risk Flags: indicators for numbers (Inum), apostrophes

(Iapos), and proper nouns (Iprop).
The goal of this curation is not to maximize training-set cov-
erage, but to construct a compact and behavior-targeted fine-
tuning set. Positive corrections teach selection, regularizers
teach preservation of correct Top-1 outputs, and hard negatives
teach caution when the correct answer is not supported by the
N-best list. Using these signals, we construct three training
pools that enforce a hybrid policy (select when possible,
rewrite when needed):

1) Positive Corrections (Recoverable Errors): Top-1 is
wrong, but the reference exists in the N-best list (yref ∈
H). We retain 100% of these samples to learn discrimi-
native selection.

2) Regularization Set (Anti-Forgetting): Top-1 is already
correct (ytop1 = yref). To discourage unnecessary edits,
we keep the top 20% by risk-weighted score:

Sreg = 2.0·Inum+1.0·Iapos+0.5·Iprop+0.5·div+0.01·|yref|
(1)

This emphasizes hard-but-correct examples (e.g., num-
bers and proper nouns).

3) Hard Negatives (Hallucination Suppression): Refer-
ence is absent from the N-best list (yref /∈ H). We select
subtle failures (not unintelligible noise) with 0.05 ≤ δ ≤
0.35, using a ratio of 30% relative to positive corrections.

Stage 3: Generative Listwise Rescoring. We train the LLM
on the oracle-curated data above so it learns two behaviors:
(1) select a candidate from the list when recoverable evidence
exists, and (2) rewrite when no candidate is sufficiently correct.

At inference, the LLM performs listwise select-or-rewrite
post-editing: it receives the full N-best list at once and
generates a single final transcript. Unlike pointwise rescoring,
which scores hypotheses separately, this formulation allows
the model to compare candidate differences as a proxy for
acoustic ambiguity (e.g., phonetic neighbors), despite not
directly observing audio x. For each utterance, we provide
all K candidates (K = N ) in a structured prompt and enforce
format-compliant output to extract a single final hypothesis:

You are an ASR error corrector. Below are K
candidate transcriptions for the same audio.
Candidates:
1. [Candidate 1] ... K. [Candidate K]
Task: Identify the correct sentence based on
phonetic similarity and context. Output ONLY the
corrected sentence.

The LLM operates on the raw ASR hypotheses before text
normalization. We keep the raw N-best candidates as input so
that punctuation, casing, disfluencies, and other beam-search
variations remain available to the model. The model is there-
fore fine-tuned and prompted using the original hypothesis
text, and produces a raw post-edited transcript.



IV. EXPERIMENTAL SETUP

A. Datasets

We evaluate on two English datasets with complementary
properties: Mozilla CommonVoice, a public read-speech cor-
pus, and definedAI, a proprietary customer–agent conversa-
tional corpus. This choice allows us to compare LLM-based
ASR post-editing across different domains, ASR difficulty
levels, and degrees of public text exposure. In particular, Com-
monVoice provides a widely used public benchmark with di-
verse speakers and possible overlap with publicly available text
sources, whereas definedAI provides a less-exposed, domain-
specific evaluation setting with more controlled conversational
content.

TABLE I
STATISTICS OF THE TWO DATASETS USED IN THIS WORK.

definedAI CommonVoice

Train Test Train Test

# Utterances 17398 2009 17000 16354
Total Duration (hrs) 38.17 4.35 27.98 27.05

definedAI1. A proprietary conversational corpus with rela-
tively consistent and high-quality recording conditions, cov-
ering domains such as healthcare, telecommunications, retail,
and banking. The data consists of customer–agent interactions,
and we use its full train/test split.

CommonVoice. A large crowdsourced read-speech corpus
with diverse speakers and recording environments [23]. The
full English training split contains 948,736 utterances, cor-
responding to about 1505 hours of speech. For comparable
computational cost and tractable N-best generation, we con-
struct a speaker-balanced training subset by sampling 1,700
speakers and 10 utterances per speaker, resulting in 17,000
training utterances. The full CommonVoice test set is retained.

For both datasets, fine-tuning examples are selected from
the training split using the oracle-guided curation strategy
described in Stage 2 of Section III. Table II summarizes the
resulting curation funnel. Because CommonVoice is public read
speech while definedAI is proprietary conversational speech,
we return to the implications of this dataset difference in
Section VI.

B. Models

We use Whisper-Small (244M), Whisper-Medium
(769M), and Whisper-Large (1550M) as ASR frontends [1].
For each utterance, we generate N-best hypotheses with beam
size 12 using HuggingFace Transformers. For post-editing,
we use Qwen2.5-Instruct models [24] at 0.5B, 3B, 7B, and
14B parameters to study scale effects.

For ASR inference, LLM inference, and LLM fine-tuning,
we use an NVIDIA RTX 3090 GPU with 24GB memory. The
only exception is Qwen-14B, which requires an NVIDIA H100
GPU with 80GB memory for both inference and fine-tuning.

1https://defined.ai

For fine-tuning, we use LoRA [25] with the Unsloth
framework, keeping the base model weights frozen. Training
uses full precision without quantization, 2 epochs, and an
effective batch size of 8. LoRA uses rank r = 64, α = 16,
and dropout 0.05 on all linear layers.

C. Baselines and Comparisons

The primary ASR baseline is the Top-1 hypothesis from
the Whisper N-best list, corresponding to the highest-scoring
output produced by beam-search decoding. This represents the
standard ASR output without any LLM-based post-editing.

We further compare against two prompting-based LLM
baselines: zero-shot prompting and few-shot prompting. In
both settings, the frozen LLM receives the full N-best can-
didate list and generates a corrected transcription using the
prompt described in Section III-A. These baselines evaluate
whether a frozen LLM can perform generative N-best post-
editing without task-specific fine-tuning.

For few-shot prompting, we use four in-context examples.
To ensure comparability across ASR frontends and model
scales, the demonstration set is fixed for each dataset. Specif-
ically, for all Whisper-Small, Whisper-Medium, and Whisper-
Large outputs on definedAI, the demonstrations are sampled
once from the definedAI + Whisper-Small training data and
reused across experiments. The same protocol is applied to
CommonVoice. This avoids introducing additional variability
from changing few-shot examples across ASR systems. Few-
shot prompting uses the same instruction as zero-shot prompt-
ing, with four demonstrations prepended before the test case:

### Example i
Candidates: 1. ... ... N. ...
Correct Output: ...
### Test case
Candidates: 1. ... ... N. ...
Correct Output:

To evaluate the proposed oracle-guided fine-tuning, we fine-
tune the LLM on the curated training subset constructed by the
data selection strategy in Section III-A. The resulting model
performs generative selection or rewriting from the full N-best
list.

To isolate the effect of data curation, we introduce a
random-data fine-tuning baseline. This baseline uses the same
fine-tuning procedure and the same number of training ex-
amples as the oracle-guided setting, but samples are drawn
randomly from the original training set without oracle-based
filtering. The validation and test sets are kept identical across
fine-tuning experiments. Therefore, the comparison measures
whether the proposed curation strategy provides more effective
supervision than a random subset under a matched fine-tuning
data budget.

D. Evaluation

We evaluate system performance using Word Error Rate
(WER, %), the standard metric for automatic speech recogni-
tion. While the LLM operates on raw ASR hypotheses, WER
is computed after normalization is applied to the text.



TABLE II
STATISTICS OF THE ORACLE-GUIDED FINE-TUNING DATASET. RECOVERABLE ERRORS (yREF ∈ H AND yTOP1 ̸= yREF ) ARE FULLY RETAINED.
CORRECT PREDICTIONS (REGULARIZERS) ARE DOWNSAMPLED BY KEEPING THE TOP 20% ACCORDING TO A RISK-WEIGHTED RANKING SCORE.

ADDITIONAL HARD NEGATIVES (yREF /∈ H) ARE SAMPLED AT A RATIO OF 0.3 RELATIVE TO THE NUMBER OF RECOVERABLE ERRORS, FILTERED BY
REQUIRING THE TOP-1 WER TO LIE IN [0.05, 0.35] AND THE N-BEST DIVERSITY SCORE IS SET TO 0.08. FINALLY, 8% OF THE CURATED SAMPLES ARE

RESERVED AS VALIDATION USING A STRATIFIED SPLIT OVER SAMPLE CATEGORY AND DIFFICULTY BINS.

Before Filtering After Filtering

Category (Training Set)
DAI
W-S

DAI
W-M

DAI
W-L

CV
W-S

CV
W-M

CV
W-L →

DAI
W-S

DAI
W-M

DAI
W-L

CV
W-S

CV
W-M

CV
W-L

Positive (Recoverable) 2485 2512 2413 2897 2772 2694 → 2286 2311 2221 2665 2550 2479
Regularizers (Correct) 5994 6387 6419 9319 10447 10723 → 1102 1175 1180 1714 1923 1972
Hard Negatives (Hopeless) 8919 8499 8566 4784 3781 3583 → 686 693 665 800 764 743

Validation (8%) → 354 363 353 450 455 452

Total 17398 17398 17398 17000 17000 17000 → 4074 4179 4066 5179 5237 5194
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Fig. 2. Comparison between oracle-guided and random-data fine-tuning under
a matched training-data budget. The random baseline follows the same fine-
tuning setup and uses the same number of examples as the oracle-guided
setting, but samples them randomly from the training split without oracle-
based curation. Results are shown for Whisper-Small, Whisper-Medium, and
Whisper-Large on definedAI and CommonVoice.

V. RESULTS

A. Effect of Oracle-Guided Data Curation

Figure 2 compares oracle-guided fine-tuning with random-
data fine-tuning under a matched training-data budget. On
definedAI, the gains are modest but consistent in direction:
from around 3B parameters, oracle-guided fine-tuning brings
WER to or below the ASR baseline and is slightly better
than or on par with random-data fine-tuning across the three
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Fig. 3. Comparison of zero-shot prompting, few-shot prompting, and oracle-
guided fine-tuning for LLM-based ASR post-editing. Results are shown across
Qwen2.5 model sizes using Whisper-Small, Whisper-Medium, and Whisper-
Large ASR frontends on definedAI and CommonVoice.

Whisper backbones, whereas at 0.5B fine-tuning is unstable
and can perform worse than the baseline. This suggests that,
under a matched budget, the curated subset is at least as
effective as randomly selected examples, with a small but
generally consistent advantage from 3B upward.

On CommonVoice, oracle-guided fine-tuning improves per-
formance in most settings, but its advantage over random-
data fine-tuning is less consistent. This suggests that the
effectiveness of data curation depends on dataset properties.
We also observe that 0.5B models are often insufficient for



reliable fine-tuning, while improvements become clearer from
around 3B parameters, especially on the proprietary definedAI
dataset.

Example: LLM selecting the correct raw hypothesis from the n-best
list

Reference perfect thanks a lot for that again thank you
Raw n-best
hypotheses

1) Perfect. Things are up with that again. Thank you.
2) Perfect, things are up with that again. Thank you.
3) Perfect. Thanks a lot for that again. Thank you.
4) Perfect, thanks a lot for that again. Thank you.
5) Perfect. Things were up with that again. Thank you.
6) Perfect. Things are up without a game. Thank you.
7) Perfect, things are up with that again, thank you.
8) Perfect. Things are up without again. Thank you.

LLM output perfect thanks a lot for that again thank you

Fig. 4. Example of LLM-based hypothesis selection using raw ASR hy-
potheses. The Top-1 hypothesis contains a lexical substitution, where “thanks
a lot for” is misrecognized as “things are up with”. The correct phrase
appears in lower-ranked N-best candidates, and the LLM selects it to produce
the normalized output. This illustrates recoverable-error correction through
listwise comparison of raw beam-search hypotheses.

B. Prompting vs. Fine-tuning
Figure 3 compares zero-shot prompting, few-shot prompt-

ing, and oracle-guided fine-tuning. On definedAI, prompting
performs poorly across all Whisper backbones and LLM
sizes, with both zero-shot and few-shot results remaining
above the ASR baseline. In contrast, oracle-guided fine-tuning
consistently reduces WER below the ASR baseline, indicating
that task-specific adaptation is important for generative post-
editing on this dataset.

On CommonVoice, the trend is different. Prompting already
improves over the ASR baseline in several settings, and
few-shot prompting can match or outperform oracle-guided
fine-tuning for some model sizes and ASR backbones. This
shows that the relative benefit of fine-tuning over prompting
is dataset-dependent. We discuss possible reasons for this
interesting dataset-dependent behavior in Section VI.

VI. DISCUSSION

A. Effect of Behavior-Targeted Curation
The WER reduction after fine-tuning shows that oracle-

guided curation provides useful supervision for generative
ASR post-editing. Under a matched data budget, the curated
subset is more effective than randomly sampled fine-tuning
data, suggesting that the selected examples are informative
for teaching the LLM when to select from the N-best list
and when to rewrite. This supports the main motivation of
our method: instead of using arbitrary training examples, we
construct a compact subset that targets the key post-editing
behaviors, including recovering errors, preserving already-
correct hypotheses, and avoiding unsupported rewrites.

The difference between definedAI and CommonVoice further
suggests that the effect of such fine-tuning depends on the
evaluation dataset. We discuss two possible factors: dataset
domain and potential data exposure.

B. Dataset Domain

One possible reason for the dataset-dependent results is
the difference in domain and text distribution. definedAI is
a proprietary corpus from specific application domains, such
as healthcare, telecommunications, retail, and banking with
turn-taking conversations between customer and agent. Fine-
tuning on this data may therefore help the LLM adapt to
a more specific target distribution and learn how to use N-
best hypotheses for selection and rewriting in that setting. In
contrast, CommonVoice is a public read-speech corpus with
broader and more diverse text. Prompting may already be
competitive in this setting, reducing the relative benefit of task-
specific fine-tuning.

C. Potential Data Exposure

Another possible factor is data exposure of the bench-
mark text. CommonVoice includes speech prompts collected
from public-domain text sources, including sources such as
Wikipedia text [23]. Since the pretraining corpora of modern
LLMs are not fully transparent, we cannot rule out overlap
between such benchmark text and the text seen during LLM
pretraining. Therefore, performance on public read-speech
benchmarks may not purely reflect the model’s ability to use
ASR N-best hypotheses for generative selection and rewriting;
it may also be influenced by prior textual familiarity.

This less conclusive behavior on CommonVoice raises a
caution for evaluating LLM-based ASR post-editing on public
test sets, especially when the benchmark text may have been
exposed during pretraining. Evaluation on proprietary, domain-
specific, or otherwise less-exposed datasets is therefore im-
portant for assessing whether the model has learned genuine
post-editing behavior.

D. Model-Scale Effect

Besides dataset effects, model size also influences per-
formance. The 0.5B model is often unstable and does not
consistently improve over the ASR baseline, suggesting that
very small LLMs may lack sufficient capacity for reliable
listwise comparison and rewriting. In contrast, models around
3B parameters already show clear gains after oracle-guided
fine-tuning. Larger models can further reduce WER in some
settings, but the improvement is relatively small compared
with the increase in model size. This makes the 3B scale
a practical operating point for data-efficient generative ASR
post-editing.

VII. CONCLUSION

We presented an oracle-guided fine-tuning framework for
generative ASR post-editing from N-best hypotheses. The
proposed curation strategy constructs behavior-targeted super-
vision from recoverable errors, already-correct regularizers,
and hard negatives, teaching the LLM when to select from the
N-best list, when to preserve the Top-1 hypothesis, and when
to avoid unsupported rewriting. Under a matched fine-tuning
data budget, the curated subset provides effective supervision,
with the clearest gains on the proprietary definedAI dataset



and reliable improvements emerging from around 3B LLM
parameters. Results on CommonVoice are less conclusive:
prompting is already competitive, and possible benchmark-
text exposure from public read-speech material may affect the
interpretation of results. These findings suggest that reference-
guided curation can support compact and behavior-targeted
ASR post-editing, while also highlighting the need to evaluate
LLM-based post-editing on proprietary, domain-specific, or
otherwise less-exposed datasets.
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