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Abstract
We introduce a framework for LLM-based human-in-the-

loop ASR designed to enhance the quality of ASR transcripts,
with a particular focus on accurately capturing named enti-
ties. A key contribution of this work is demonstrating that
when LLMs are provided with high-quality, human-annotated
transcript examples, even a small set can significantly improve
WER and entity recall rates. Our framework drastically reduces
the costly need for human annotation to just 5% of the entire
call. The system outperforms all baselines, including out-of-
the-box Whisper and Whisper with a zero-shot GPT correc-
tor. In this work, we derive insights on how a chain-of-thought
framework can effectively utilize LLM prompts and human in-
put to improve speech data annotation quality. We achieve a
10% or greater relative improvement in WER and entity F1
score over the baseline with a minimal amount of human effort.
Index Terms: speech data annotation, human-in-theloop,
speech recognition, large language models

1. Introduction
It is often time-consuming and expensive for human annotators
to label new large speech datasets for training automatic speech
recognition (ASR) and spoken language understanding (SLU)
systems. A key research question then becomes how we can
most efficiently use annotator resources to label new speech
data. Currently, many speech transcript annotators will start
by producing an ASR transcript and then carefully scan over
it to correct any ASR errors. Given this process, our research
question could also be phrased as: How much an ASR transcipt
do annotators actually need to spend time looking at to ensure
high enough data quality? Many ASR systems, including the
widely-used Whisper model [1], have achieved state-of-the-art
performance by training on datasets that are at least partially
pseudo-labeled by other machines [2, 3, 4]. This might suggest
that large portions of speech datasets can be effectively labeled
by ASR systems, and human annotators are better reserved for
the portions that are difficult for speech recognition to handle.
For example, many ASR systems perform well for common En-
glish words but struggle with out-of-vocabulary (OOV) words
(ie. words that were not seen during training) such as lesser
known named entities (eg. people’s names, location names, and
company names) and novel terms (eg. the name of a recently
created group or event) [5]. In this case, it may be advantageous
to use ASR to transcribe the majority of the speech data and
then ask human annotators only to correct out-of-vocabulary
words or other segments for which the ASR performs poorly.
Large language models (LLMs) offer an attractive solution to
this problem. By parsing through ASR transcripts, an LLM can
identity many of the areas in which an ASR system may be

known to produce higher word error rates (OOV words, easily
confused homophones, etc.). LLMs have been shown to be ef-
fective in correcting errors in ASR transcripts (eg. [6, 7, 8]).
Notably, the work in [9] uses a text-only approach to train an
LLM to predict words with a high probability of being tran-
scribed with ASR errors. The authors of [10] tackle the per-
formance issue that many ASR models exhibit with OOV enti-
ties by training a model with the Whisper encoder and an LLM
decoder to jointly improve ASR and named entity recognition
(NER) performance. While using language models to improve
ASR outputs has been a common practice for years [11], the
capabilities of LLMs in this task has yet to be fully explored.

However, correcting ASR transcripts with LLMs includes
several challenges. First, the LLM may be overzealous in im-
proving the syntax and spelling of the input text at the cost of
making the transcript less accurate to what was actually said
[12]. Second, the LLM may not have knowledge of some words
that were said in a transcript, such as domain-specific termi-
nology or entities, and will simply map them to tokens that
are more likely to appear in written language. Therefore, we
instead propose leveraging the capabilities of an LLM to re-
duce the workload of a human annotator as opposed to a fully
automated approach. Our proposed workflow is to 1) Use an
LLM to retrieve segments from an ASR transcript that are more
likely to require the attention of a human annotator, 2) Ob-
tain the human transcription for those segments only, and 3)
again use the LLM to correct the errors present in the selected
segments across the ASR transcript. Human-in-the-loop LLM-
based strategies have proven effective for text-generation [13],
entity classification [14], and other tasks. In order to adapt such
techniques for speech, we first investigate zero shot and few
shot strategies[15] for prompting an LLM to retrieve the seg-
ments from an ASR transcript that would benefit most from
human intervention. Given human-written transcripts for these
segments, we then investigate strategies to use an LLM to best
extrapolate these corrections to other portions of the transcript
without over-correcting words that have been transcribed accu-
rately. Novel contributions include 1) the creation of a frame-
work for LLM-based human-in-the-loop ASR transcript 2) a
strategy for the effective selection of transcript or audio seg-
ments for human review and 3) an improvement in performance
in both word error rate and entity F1 score over using an LLM
alone.

2. Methods
To reduce the amount of human intervention needed to produce
human-annotated transcripts from ASR transcripts, we employ
the framework shown in Figure 1. First, we generate an ASR
transcript for a given audio file. Then we ask an LLM to re-

Interspeech 2025
17-21 August 2025, Rotterdam, The Netherlands

4253 10.21437/Interspeech.2025-1983



Figure 1: Pipeline for the proposed framework: An ASR transcript is passed to an LLM that a prompted to retrieve N sentences from
the transcript that are representative of the ASR transcripts throughout. Then a human is asked to correct only those N sentences. Last,
the LLM given the human input and is asked to make those corrections across the entire transcript.

trieve a set of sentences from the ASR transcript based on a
given criterion. The goal of this step is to extract sentences that
most need a human annotator to correct them or are representa-
tive of overarching errors in the ASR transcript. We experiment
with prompt engineering to identify the most effective prompts
to achieve this task. A human is then tasked with manually
correcting only this subset of retrieved sentences from the ASR
transcript. Next, the LLM is given the corrected sentences as
few shot examples along with the ASR transcript, and the LLM
is asked to make the corrections seen in the annotator‘s work
across the entire transcript.

2.1. Dataset

In our experiments, we use the Earnings 21 dataset [16]. This
English-language dataset consists of 44 recordings of corporate
earnings calls totaling approximately 39 hours of speech. We
choose this dataset because it is rich with labeled entities (com-
pany names, names of company employees, regulatory bodies,
etc.) that can be used for NER, making it a good test case to see
how well our framework improves recall of out-of-vocabulary
entities in transcripts. The entities in the Earnings 21 dataset are
labeled by category (PERSON, ORDINAL NUMBER, ORGA-
NIZATION, DATE, etc.). The authors of [16] report that many
of these categories, such as DATE, TIME, and ORDINAL num-
bers are trivial for ASR systems to transcribe correctly. As such,
we only focus on the three entity categories reported in [16]
as the most difficult to correctly transcribe: PERSON (People,
including fictional), ORG (Companies, agencies, institutions,
etc.), and FAC (Buildings, airports, highways, bridges, etc.).
We split the dataset randomly into 40% validation and 60% test
data. The validation set is used for tuning hyper-parameters
while the results are reported on the test set.

2.2. Experiments

We first transcribe each recording with Whisper Medium-En
[1], a state-of-the-art ASR system. Next, we seek to use
the LLM to retrieve the N sentences whose human annotation
would best help the language model correct the entire ASR tran-
script. We try a variety of prompts and report the best here:

• List the sentences from the following call transcript that con-
tain the most errors or do not make logical or grammatical
sense.

• List the sentences from the following call transcript that
could best be used to summarize the call transcript.

• List the sentences from the following call transcript that are
most unique or unlikely to be found in another call transcript

• List the sentences from the following call transcript that con-
tain the highest number of named entities.

• List the sentences from the following call transcript that con-
tain the highest number of named entities that are likely mis-
spelled or contain an error.

In addition to these instructions, the LLM is 1) asked not to
produce any additional text or text not found directly in the call
transcript, and 2) given three fictitious examples of sentences
that fit the given criterion for few shot prompting. We perform
our validation (prompt and parameter tuning) experiments in
this task using GPT-4o [17].

Given N sentences from the ASR transcript, we then align
the ASR transcript to the ground truth transcripts in the Earnings
21 dataset and retrieve the corresponding human annotation for
that ASR transcript segment. The LLM is then asked to correct
the ASR transcript given the selected ground truth sentences as
a template. Many LLMs, including the models used here, have
a maximum input and output token length that is smaller than
the length of a longer call transcript. To circumvent this, each
ASR transcript is broken into chunks of 10 sentences, and the
LLM is called to correct one chunk of the ASR transcript at
a time. The output corrected transcript chunks are then con-
catenated to form the entire corrected transcript. We notice that
the LLM is occasionally prone to hallucinating (adding extra-
neous or erroneous text into the output transcript) or may refuse
to complete the task based on the content of a given transcript
chunk. Therefore, we additionally experiment with a word error
rate (WER)-based threshold for rejecting changes to the target
transcript chunk. That is, if the WER between the ASR tran-
script chunk and the LLM-corrected transcript chunk, using the
ASR transcript as the reference, is greater than a given thresh-
old, we reject the LLM output and instead use the original ASR
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transcript chunk in the final transcript output. We find through
experimentation on the validation set that a WER threshold of
25% works well for this.

After identifying the prompts and hyper-parameters that
produce the best performance with GPT-4o, we attempt to
replicate these metrics with Llama3-8b another large language
model of a comparable that has open-source implementation.
We find through initial testing that the out-of-box Llama3-8b
does not have the capacity to follow an instruction for a task
such as “correct the following ASR transcript” well. Therefore,
we fine-tune the Llama3-8b model using QLoRA [18]. The
training examples are segments of the ASR transcripts of the
validation set chunked into 10 sentence segments paired with
their corresponding ground truth segment. Llama is then fine-
tuned to correct the ASR transcript given the first 10 sentences
of the ground transcript as a few-shot example. Fine-tuning is
run for one epoch with an AdamW optimizer using a weight
decay and learning rate of 1e-3 and 2e-4 respectively. Model
weights are quantized to float16 so that the model can be run
effectively on a single NVidia Tesla V100 GPU.

3. Results and Discussion
3.1. Metrics

To evaluate the quality of outputs produced by the framework
(the entire ASR transcript after few-shot LLM correction), we
compute the Word Error Rate (WER), the Entity Recall Rate
(%Ent Rec.), the Entity Precision Rate (%Ent. Prec.), and the
Entity F1 Score (%Ent F1) as defined in [19]. A lower WER
indicates the framework being able to correct spelling mistakes
or filling in missing words, whereas a higher entity recall and
precision indicates the framework correcting or adding correct
entities in the ASR transcript.

3.2. Results and Analysis

Results on our baseline frameworks (shown in Table 1) show a
WER of 11.05% and an Entity F1 of 87.50% on the raw whisper
transcripts. Naive baselines such prompting the LLM to fix all
errors in the ASR transcript without further specificity in the di-
rections and prompting the LLM to fix only the entity errors in
the ASR transcript often lead to a degradation in performance
with respect to the WER. These strategies do help in increas-
ing the recall rate for entities, but hamper entity precision rate,
hinting at ’over-correction’ from these baselines, where either
words or entities that do not need correction are wrongly sub-
stituted, or entities are added at incorrect places.

Table 2 shows the results for all prompts described in Sec-
tion 2.2. Prompts focusing on extracting sentences with error-
prone words (“Sentences with the highest number of entities
that are prone to being misspelled”) or with more entities (“Sen-
tences with the highest number of entities”) tend to perform
better, especially when instances of hallucination are ignored
by rejecting LLM outputs that change the ASR transcript by
more than the allowed threshold WER. This implies prompts
like these are effective at extracting the most impactful candi-
date sentences to be transcribed manually and fed to the LLM
for few-shot error correction. In contrast, prompts that focus
on the semantic content of the call, like parts useful for a sum-
mary, or most unique parts, perform slightly worse. This may
suggest that these prompts do not focus the LLM on error-dense
portions of the transcript, and less subjective retrieval criteria is
necessary for the LLM to perform consistently.

All results in Table 2 use 10 few shot examples in the LLM

Table 1: Baseline results. We show the percent word error rate
(%WER) and recall, precision. and F1 score (%Ent Rec., %Ent
Prec., and %Ent F1 respectively) in capturing entities for each
system. We calculate the metrics for the system outputs from
1) the out-of-box Whisper ASR transcripts, the modified ASR
transcripts after prompting GPT to correct all errors in them,
and the modified ASR transcripts after asking GPT to correct
only the entities in them.

Baseline %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1↑
Whisper

OOB 11.05 83.72 91.64 87.50

GPT-Fix
All Errors 11.80 86.15 90.16 88.11

GPT-Fix
Only Ent. 11.80 84.50 87.93 86.18

prompt to correct the ASR prompt. In Table 3, we evaluate
the effect of using a different number of few-shot example sen-
tences from the ground truth sentences in the LLM prompt,
varying the number of examples from 5 to 20. We perform this
experiment with the three best-performing prompts from Table
2: “Sentences that likely have an error” with WER threshold-
ing, “Sentences wiith the highest number of entities” with no
WER thresholding, and “Sentences with the highest number of
entities that are prone to being misspelled” with WER thresh-
olding. The strategy of using sentences with likely errors con-
sistently demonstrates robust performance across different sen-
tence counts, maintaining a low Word Error Rate (WER) around
10.75% and achieving an Entity F1 score close to 87.65% to
89.68%. This indicates that the LLM is relatively robust to
the number of examples used in prompting, likely due to its
focus on addressing specific errors in the ASR output. There-
fore, good performance may be achieved with a small number
of annotated sentences. We note that prompt “Most entity-rich
sentences” called with 5 few-shot examples resulted in hallu-
cination, causing a low-performing WER and entity recall rate
(181.71% and 49.72%). This issue is transient for this case, as
it does not appear when using 10 or 20 sentences in the few-
shot prompt, and is eliminated in the other cases by applying
the WER thresholding.

The strategy of using error-prone entity sentences remains
stable across different sentence counts, with a WER around
10.89% to 10.91% and an Entity F1 score consistently above
92.39%, highlighting its reliability in improving transcript ac-
curacy by focusing on specific, error-prone entities. Analysis
on the sentences retrieved by the LLM for few-shot error cor-
rection shows that several of the sentences contain redundant
mentions of the same entity when the LLM is asked to retrieve
larger numbers of sentences, and so a possible area of improve-
ment is diversifying the entities sentences returned.

Re-running the 10 sentence “Error-prone entity sentences”
case using WER thresholding (ie. the case that produced the
highest Entity F1 score with 10 few shot examples) with the
fine-tuned Llama3-8b model resulted in a WER of 11.21%
and and Entity (Recall, Precision, F1) scores of (84.59%,
92.25%, 88.25%). While not performing as well as the GPT
model, the same parameters and prompt did lead to an im-
provement over the baseline entity precision-recall metrics with
Llama3-8b.
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Table 2: Results of using different prompting strategies to have the LLM return 10 sentences of the ASR transcript that match the prompt
criterion, retrieving the ground truth version of those sentences, and then using those sentences in few shot prompting to have the LLM
revise the ASR transcript

Always accept LLM output Accept LLM output if
WER(ASR,LLM output) <25%

Prompt for Few-Shot
Ex. Extraction %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1↑ %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1↑

Sentences that likely
have an error 22.82 85.51 83.03 84.25 10.71 86.01 93.67 89.68

Most unique
sentences 19.49 85.53 84.91 85.22 10.76 85.39 93.50 89.26

Sentences that form a
summary of the transcript 71.91 84.90 57.37 68.48 10.76 85.36 93.47 89.23

Sentences with highest
number of entities 10.96 85.95 92.55 89.13 12.55 84.38 90.60 87.37

Sentences with the highest
number of entities that

are prone to being misspelled
10.87 84.85 91.86 88.22 10.92 91.06 93.76 92.39

Table 3: Results of varying the amount of sentences to be manually annotated using different prompting strategies

5 sentences 10 sentences 20 sentences
Prompt for Few-Shot

Ex. Extraction %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1↑ %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1 %WER↓ %Ent Rec.↑ %Ent Prec.↑ %Ent F1↑

Sentences with likely errors 10.77 83.31 92.61 87.72 10.72 86.01 93.68 89.68 10.75 83.25 92.55 87.65
Most entity-rich sentences 181.71 91.43 34.14 49.72 10.95 91.15 93.85 92.48 10.85 85.96 92.55 89.13

Error-prone entity sentences 10.89 91.08 93.79 92.42 10.91 91.06 93.76 92.39 10.91 91.08 93.78 92.41

3.3. Discussion

Our proposed LLM-based human-in-the-loop workflow demon-
strates significant improvements over both Whisper OOB and
LLM-based ASR correction baselines. When tasked with cor-
recting an ASR transcript without references, GPT can rec-
tify some misspelled entities, enhancing the entity recall rate
at the expense of a noticeable decrease in precision. The en-
tities that remain uncorrected are usually in the PERSON and
ORG categories, often consist of non-English names, and can
be easily misspelled if they are unfamiliar. GPT models can
correct all instances of the same entity within a transcript,
leading to a significant improvements in both recall and pre-
cision rates. This supports our hypothesis that GPT models
lack knowledge of specific people and organization company
names, and greatly benefit from in-context learning. Exam-
ples of error-prone and unfamiliar entities include names like
”Mueller” and ”Collazo” (PERSON) and ”Affimed” (ORG),
which are mis-transcribed by the baselines as ”Miller”, ”Col-
lado”, and ”AFIMET”/”APIMEDs”, but are corrected by our
workflow.

Despite these advancements, we acknowledge certain lim-
itations in our approach. If a non-English name or error-prone
entity is not included in the selected examples, LLMs are un-
likely to correct them. One might suggest extracting all entities
from a pre-correction ASR transcript and providing a list of can-
didate entities for human review. However, this approach is sus-
ceptible to errors because the original transcript is often noisy
and lacks the context needed for annotators to produce high-
quality annotations. Annotators require contextual information
to distinguish between entities that may sound similar. We ap-
ply this same reasoning to LLM few-shot examples, believing
that the context provided by these sentences, along with the en-
tities they contain, serves as valuable cues to enhance ASR cor-
rection quality. However, knowing that the entities presented
in the examples are crucial, it raises the question of how to ex-
tract a good segment of the call for human annotation. Our cur-

rent best-performing prompt identifies sentences with the high-
est number of error-prone entities but does not yet consider the
diversity of entities or entity types. A promising direction is
to refine LLM prompts to first segment the document and se-
lect sentences with the highest counts of error-prone entities
from different segments to enhance entity coverage. Another
category of errors involves financial abbreviations that are not
named entities, which are not yet included in the few-shot ex-
amples for LLM and are often mis-transcribed. Although it is
not the primary focus of our work, we believe that prompting
the LLM to identify not only unique and error-prone entities
but also unfamiliar financial acronyms could lead to further im-
provements in WER.

4. Conclusions

This paper proposes a novel LLM-based pipeline for assisting
human annotation of ASR transcripts. As out-of-vocabulary en-
tity words present a large challenge to many ASR systems, our
framework uses LLMs to retrieve problem areas of an ASR tran-
script, gather human input on those sentences, and then attempt
to correct them. We share insights on the benefits and short-
comings of different LLM prompting strategies for the given
task and improve the entity F1 score of ASR transcripts with
both the proprietary GPT-4o model and with the open-source
Llama3-8b model. Future steps include training the LLMs with
strategies such as reinforcement learning from human feedback
to identify which sentences human annotators generally believe
to have the most impact on human understanding. Future di-
rections may also involve developing methods for detecting and
removing LLM “over-correction” in the ASR transcript at the
word-level instead of over several sentences as we perform in
this paper so that the LLM output can be considered and imple-
mented at a more granular level.
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