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Abstract

The accuracy of speech recognition in multi-speaker meeting environments is crucial for understanding and
summarizing the content of meetings. However, speech recognition systems often experience performance degradation
due to acoustic and linguistic factors, such as background noise and domain-specific terminology. To address these
challenges, this study proposes a novel approach that enhances speech recognition performance by leveraging the
rich linguistic knowledge of large language models (LLMs) to post-process recognition outputs containing errors,
rather than relying solely on traditional methods optimized for specific domains. Specifically, we use recognized texts
with errors and prior contextual information as inputs to the LLM, enabling the model to better predict what was
actually spoken. Applying this approach to real-world speech data and speech recognition systems demonstrated a
significant reduction in errors. Notably, experiments conducted on an English lecture corpus showed an error
reduction rate of up to 16.1% compared to baseline models. Additionally, this paper presents real-world examples
where the LLM effectively corrected speech recognition errors in context.
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Table 1. The size of the tedlium-3 dataset and baseline
recognition performance (WER: WordError Rate,
SER: Sentence Error Rate).

train valid test
Num. Utterances| 260,326 2,710 2,582
WER 8.32 6.04 5.59
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Below is the best-hypothesis transcribed from the
speech recognition system. Please try to revise it using
the previous sentence's best—hypothesis, and write the
response for the true transcription. WnWn### Previous
sentences:Wn{context}WnWn###
Best-hypothesis:Wn{hypothesis ' WnWn### Transcription:¥Wn
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previous Utterances in noisy enviEnvironments(%).

(a) Music noise

SNR

Baseline [ N=0 N=1 N=3 N=5

clean
10db
5db
0db

5.59
6.27
7.71
18.91

5.15 5.14
6.04 5.70
7.12 7.02
17.00  17.93

4.89 4.69
5.56 5.46
6.89 6.76
16.96  17.74

(b) Noise noise

SNR

Baseline [ N=0 N=1 N=3 N=5

clean
10db
5db
0db

5.59
6.65
7.63
12,51
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1215 12.07
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11.68

4.69
6.03
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(c) Speech noise

Baseline |[N=0 N=1 N=3 N=5
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8.65
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Table 5. Context-based error correction example.
D Type Utterance
input context (N=0) | None
1 current input robots for me take certain trends that are already in play and are body politic
corrected output |robots for me take certain trends that are already in play in our body politic
input context everyone who stands up to the unchecked power whether it is authoritarian leaders
(Model N=1) plutocrats hiding their assets in tax havens.
2 1best or powerful love is protecting thepowerful few
corrected output | or powerful lobbies protecting thepowerful few
input context be in these parks i1 know they changed the lives of the people who lived there but they also
(Model N=1) changed new yorkers whole image of their city.
3 Ibest i often come down and watch people get on this little fairy that now runs between the
burrows
corrected output i often come down and watch people get on this little ferry that now runs between the
boroughs
which protected this freedom because we were liberated from fear.
input context so that our minds in fact whether they be despots or dogmas could be the protagonist.
A (Model N=3) democracy with the political innovation that allowed us to limit the power whether it was of
tyrants.
current lbest or of high price
corrected output |or of high priests
but claiming these spaces for public use was not simple and it is even harder to keep them.
so now 1 am going to tell you a story about a very unusual park.
input context called the high line.
5 (Model N=5) the high line was an elevated rail line.
the high line was an elevated railway the ran through three neighborhoods on manhattan is
west side.
current 1best and when the train stopped running it became a self seated
corrected output |and when the train stopped running it became a self seeded
now zoning here was massive so i felt an obligation.
to create magnificent parks on these waterfronts and i1 spent an incredible amount of time
) on every square inch of these plans.
1(nl\y/)lgtéeclo;t:eg<)t 1 wanted to make sure that there were.
6 from the upland to the water that there were trees and plantings everywhere and of course
lots and lots of places to sit.
honestly 1 had no idea how it would turn out i had to have faith.
current 1best but 1 put everything that i had studied and learned into those plants
corrected output |but i put everything that i had studied and learned into those plans
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Table 6. Error correction results by type.
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Table 7. Multi-speaker  conference  environment  error

correction results.
Error Type Utterance
Type D Type Utterance
Model [N =1 Model |N =5
o]Z % in particular, he argued ¢ you cou you could use the inverted
input [that empowering individuals through file search to return a list of of
context |knowledge is the key to long-term meetings and then use one of those to
success out load a search. can you not get this nom
1 ) the speaker emphasized the conlzext object? um but you have to have it has
Whisper importance of a vacation in modern to start with something for some
1best society bizarre reason. uh the engine class only
: 1 has one search method. there's only
the speaker emphasized the _ .
corrected |. . . one search method to the search engine
output importance of education in modern : : -
P society Whisper it has to be an ovservasion and even if
Model IN =5 Ibest you go and se you can go and search
the hole curfus from that
59WA A #74: the company recently : : .
. . it has to be an observation and even if
launched a new ai—powered device. corrected =
. . . . . you go and see you can go and search
. it's designed to assist in medical output
mnput . . - the whole corpus from that
context diagnostics.
o]d FH the system uses a Model |N =5
-1 convolutional neural network for so, when we train a neural network, we
image recognition. need to update the parameters
Whisper |the algorithm incorporates christmas regularly. ega_cﬂ.y, backpropagation
lbest |technology for genome editing helps  us minimize the error by
: X : . justi h ights. right, but how
corrected |the algorithm incorporates crispr input adjusting the We.l S TE b .
.. does the learning rate affect this
output |technology for genome editing context .
process? the learning rate controls how
Model |N =5 2 much we adjust the weights at each
out SHA A EAE e EEh he step. got it, so the backpropagation
conlzext professor gave a lecture on quantum algorithm adjusts the weights of the
99 mechanics yesterday. neural network
Whisper [the student asked a question about Whisper |the backpackation algorithm adjusts the
1best |the high sun bird principle lbest |waits of the newral network
corrected |the student asked a question about corrected |the backpropagation algorithm adjusts
output |the hawking sun bird principle output |the weights of the neural network
Model [N =0
input None AR} 25 94" @ F(observation, se, curfus), Tt}
, P 2 golz A48 9F(hole)sh B BEHL s
Whisper |1 ordered a cappuccino a blueberry -
: 17 =S Aywsl 3 2= 9)
lbest |muffin for breakfast A AEE Aust & a9l
corrected |[i ordered a cappuccino and a D2 "back o' "weight! " | network"
output |blueberry muffin for breakfast © "backpropagation’, "weight", "neural networ
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