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Abstract
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Lorenz, K.Z. (1981) The Foundations of Ethology
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Table 1: sf e &BAF 75 ik T oo LRIk (NE) 94525 (WER) (%) #edké 8%tk (NNE) 3452 % (WER) (%).

Method LLM NE NNE LLM NE NNE LLM NE NNE
Whisper None 32.3 7.0 None 32.3 7.0 None 32.3 7.0
Full context GPT-40-mini 43.4 7.1 GPT-40 30.6 7.0 Llama-3.1-70B  32.6 7.2
Context summary GPT-40-mini  38.6 7.1 GPT-40 54.2 7.1 Llama-3.1-70B  47.4 8.2
Proposed method  GPT-40-mini 22.7 7.0 GPT-40 229 7.0 Llama-3.1-70B  24.8 7.2

Speech recognition may incorrectly capture named
entities due to similar-sounding words or uncom-
mon entities in training data. The named enti-
ties and their probabilities are provided below as
"Named entities probability” in the format: en-
tity : probability. Review the prediction’s named
entities. For each entity whose probability is be-
low asr__confidence__threshold, or missing, please
complete the following steps:

o Mk T RHAEANMK F oy EHRERA 2,
AT TVATERE ASR TRy kIR 2.
ExT (1) AEAIERE—FH, (2) 27T
feAw T ASR #F&45%, (9) H#RSHT £4H
M, RETRAHTE, FARREST. 4o
RIX EAAFAEARH R, AR L ABBUE F 0 FARE
# ASR TRIMey ER,

o FARFEIFAE R AT BA G L BN —A
BHREL, RRESFATART LI EA F 37
&,

. WRRAELEGINLFEE, NRHEET

Ao
o TEMER LT P Bk 0 P e AT
o RIFFTH AL, HEFTIRIXTRE,
The context includes similar-sounding entities
and sentences containing these named entities.
The revised prediction should start with << @
and end with @ >> Context: { context }
Speech recognition prediction: { preds }
Named entities probability: { ent_prob_dict }

\ J
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B RGITES A EAH. 4 BN TR
VA RABIEL&Fl ASR RGAHRAE AT

RN B HEEAFEP LLM SEE R T H
AR, kA, fdeitny GPT-40 I AR H K
Llama-3.1-70B, 13 1 fiR. X715 GPT-40 XL
KAERY, I 523810 R SRl WER B S%A%, M 32.3%

Table 2: 1A & AR 895 2P 4y GPT-4o-mini, 3T R
FliE5 28] & %k & & XM (NE) WER (%) A3k ér & 5%
#k (NNE) WER (%).

ASR Params Before revision  After revision
NE NNE NE NNE
Whisper small 244 M 39.3 9.4 29.5 9.4
Whisper medium 769 M 36.0 8.0 26.8 8.0
Whisper large v3 1.54 B 32.3 7.0 22.7 7.0
Canary-1B 1B 36.6 8.3 26.8 8.3

Ground truth:

now this is a difficult concept but let me try to go
through it anyway because seitz was very impor-
tant in working out some of the principles of etho-
logical investigation and the principles of ethol-
ogy that lorenz was talking about

Canary 1B:

now this is a difficult concept ...zeitz ..lawrence ...
Whisper:

now this is a difficult concept...zaitz ..lawrence ..
Canary and Whisper after revision:

now this is a difficult concept ...seitz ..lorenz ...

Figure 4: — AN F = T AR AL 09 7 ik 27 & A
ASR A %#HTIS B0y R, G ASE L., RGN Il
EEWNTN (8 GPT-4o-mini) ., H"%% &5 4t
T 4 w0 A e Fe by 849,
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Table 3: 4 %%tk WER (%) Aodpér £ 5tk WER i¥#1&
B PR R AR

Method Revision LLM NE (%) NNE
Full prompt GPT-40-mini 22.7 7.0
Short prompt  GPT-4o0-mini 22.7 7.0
Full prompt Llama-3.1-70B 24.8 7.2
Short prompt Llama-3.1-70B 32.3 7.0

Mz 30.6%, Q0 1 Fron. SR, (EAFRATEE M,
WER 2 ERILE 22.9%.

AT VAR TR AT R A O A R R AR B AR RS i
MAEG R, FAIM#H Whisper Small, Whisper
Medium F1 Nemo Canary-1B [31] #7525, X250 —4
ety ASR IR, ZEAng 2 iR, BN 2 iR,
AT T EAEA R BB RN 284G R R IF iz
fhie S . ST ASR #% Canary-1B, 14554k WER M
36.6 % MAKF] 26.8 %. FFE, Ay45554k WER £ Whisper
small 1A 39.3 % FEAEF] 29.5 %, fF Whisper medium
P 36.0 % [1%E] 26.8 %.
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32 “..margaret mit 7, SR, EARAEREWE (6
i GPT-4o-mini), ASR FJHFPEREECH “..mead 7,
A, WAINEA T —MF I ERFIA LLM BIEEE
ARG HAAkU, AR — B G LIt
FEZHE, M ETRSCR s ASR T foA 9% Y Ay 44 52
o FRATRFEATEE L S R e B S0l B ci
BB BEAT A, IR IR 7 A3 5 | ARG I3t
£ FA[SR 2 30 % BYAENT WER B

ERAG TAE, RATF BRI ar 4 Lk, FNEA]
W SR FRMEARIY, HEH NER W THE) 2o H. 2R,
Wil B AR AT TR A B ) A 8, % ¥ T LAY R BB AT TR A
o BAN, ZEIRT LAY RS MIEE R, FlankEg
Tﬁij?zk?ci;’éﬁl%‘?ﬁﬁl%ﬂ (OCR) , PAfE G- A A mT i) |
T

(1]

2]

3]

(4]

[5]

[6]

(8]

[9]

(10]

(11]

(12]

(13]

(14]

3. References

A. Radford, J. W. Kim, T. Xu, G. Brockman,
C. McLeavey, and I. Sutskever, “Robust speech recogni-
tion via large-scale weak supervision,” in International
conference on machine learning. PMLR, 2023, pp.
28492-28 518.

R. Huang, M. Yarmohammadi, J. Trmal, J. Liu, D. Raj,
L. P. Garcia, A. V. Ivanov, P. Ehlen, M. Yu, D. Povey
et al., “Conec: Earnings call dataset with real-world con-
texts for benchmarking contextual speech recognition,”
in Proceedings of the 2024 Joint International Confer-
ence on Computational Linguistics, Language Resources
and Evaluation (LREC-COLING 2024), 2024, pp. 3700
3706.

L. Wang, C. Ma, X. Feng, Z. Zhang, H. Yang, J. Zhang,
Z. Chen, J. Tang, X. Chen, Y. Lin et al., “A survey on
large language model based autonomous agents,” Fron-
tiers of Computer Science, vol. 18, no. 6, p. 186345, 2024.

A. Kannan, Y. Wu, P. Nguyen, T. N. Sainath, Z. Chen,
and R. Prabhavalkar, “An analysis of incorporating an
external language model into a sequence-to-sequence
model,” in 2018 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2018, pp. 1-5828.

Y. He, T. N. Sainath, R. Prabhavalkar, I. McGraw, R. Al-
varez, D. Zhao, D. Rybach, A. Kannan, Y. Wu, R. Pang
et al., “Streaming end-to-end speech recognition for mo-
bile devices,” in ICASSP 2019-2019 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2019, pp. 6381-6385.

D. Zhao, T. N. Sainath, D. Rybach, P. Rondon, D. Bha-
tia, B. Li, and R. Pang, “Shallow-fusion end-to-end con-
textual biasing.” in Interspeech, 2019, pp. 1418-1422.

M. Mohri, F. Pereira, and M. Riley, “Weighted finite-
state transducers in speech recognition,” Computer
Speech € Language, vol. 16, no. 1, pp. 69-88, 2002.

G. Pundak, T. N. Sainath, R. Prabhavalkar, A. Kan-
nan, and D. Zhao, “Deep context: end-to-end contextual
speech recognition,” in 2018 IEEFE spoken language tech-
nology workshop (SLT). IEEE, 2018, pp. 418-425.

F.-J. Chang, J. Liu, M. Radfar, A. Mouchtaris, M. Omol-
ogo, A. Rastrow, and S. Kunzmann, “Context-aware
transformer transducer for speech recognition,” in 2021
IEEE Automatic Speech Recognition and Understanding
Workshop (ASRU). 1EEE, 2021, pp. 503-510.

K. M. Sathyendra, T. Muniyappa, F.-J. Chang, J. Liu,
J. Su, G. P. Strimel, A. Mouchtaris, and S. Kunzmann,
“Contextual adapters for personalized speech recognition
in neural transducers,” in ICASSP 2022-2022 IEEE In-
ternational Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2022, pp. 8537-8541.

X. Gong, Y. Wu, J. Li, S. Liu, R. Zhao, X. Chen, and
Y. Qian, “Advanced long-content speech recognition with
factorized neural transducer,” IEEE/ACM Transactions
on Audio, Speech, and Language Processing, 2024.

W. Chan, N. Jaitly, Q. V. Le, and O. Vinyals, “Listen, at-
tend and spell,” arXiv preprint arXiv:1508.01211, 2015.

D. Le, M. Jain, G. Keren, S. Kim, Y. Shi, J. Mahadeokar,
J. Chan, Y. Shangguan, C. Fuegen, O. Kalinli et al.,
“Contextualized streaming end-to-end speech recognition
with trie-based deep biasing and shallow fusion,” Inter-
speech, 2021.

M. Han, L. Dong, S. Zhou, and B. Xu, “Cif-based
collaborative decoding for end-to-end contextual speech
recognition,” in ICASSP 2021-2021 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). 1EEE, 2021, pp. 6528-6532.

www.xueshuxiangzi.com



(15]

[16]

(17]
18]

(19]

20]

21]

(22]

23]

[24]

[25]

[26]

27]

28]

[29]

(30]

(31]

X. Gong, A. Lv, Z. Wang, and Y. Qian, “Contextual bias-
ing speech recognition in speech-enhanced large language
model,” Proc. Interspeech. ISCA, pp. 257261, 2024.

[Online].  Available: https://github.com/jsvine/
pdfplumber

[Online]. Available: https://github.com/jiaaro/pydub

M. Ott, S. Edunov, A. Baevski, A. Fan, S. Gross, N. Ng,
D. Grangier, and M. Auli, “fairseq: A fast, extensi-
ble toolkit for sequence modeling,” in Proceedings of
NAACL-HLT 2019: Demonstrations, 2019.

A. Akbik, T. Bergmann, D. Blythe, K. Rasul,
S. Schweter, and R. Vollgraf, “FLAIR: An easy-to-use
framework for state-of-the-art NLP,” in NAACL 2019,
2019 Annual Conference of the North American Chap-
ter of the Association for Computational Linguistics
(Demonstrations), 2019, pp. 54-59.

L. Philips, “The double metaphone search algorithm,”
C/C++ Users Journal, 2000.

P. Blair and K. Bar, “Jrc-names-retrieval: A standard-
ized benchmark for name search,” in Proceedings of the
2024 Joint International Conference on Computational
Linguistics, Language Resources and Evaluation (LREC-
COLING 2024), 2024, pp. 9589-9603.

F. Trias, H. Wang, S. Jaume, and S. Idreos, “Named
entity recognition in historic legal text: A transformer
and state machine ensemble method,” in Proceedings of
the Natural Legal Language Processing Workshop 2021,
2021, pp. 172-179.

N. Luitel, N. Bekoju, A. K. Sah, and S. Shakya, “Con-
textual spelling correction with language model for low-
resource setting,” in 2024 International Conference on
Inventive Computation Technologies (ICICT). IEEE,
2024, pp. 582-589.

A. Kunchukuttan, S. Jain, and R. Kejriwal, “A large-
scale evaluation of neural machine transliteration for in-
dic languages,” in Proceedings of the 16th Conference of
the European Chapter of the Association for Computa-
tional Linguistics: Main Volume, 2021, pp. 3469-3475.

A. Dubey, A. Jauhri, A. Pandey, A. Kadian, A. Al-Dahle,
A. Letman, A. Mathur, A. Schelten, A. Yang, A. Fan
et al., “The llama 3 herd of models,” arXiv preprint
arXiv:2407.21783, 2024.

OpenAl, “Open ai. hello gpt-40,” 2024. [Online].
Available: https://openai.com/index/hello-gpt-40/

W. Kwon, Z. Li, S. Zhuang, Y. Sheng, L. Zheng, C. H. Yu,
J. E. Gonzalez, H. Zhang, and 1. Stoica, “Efficient mem-
ory management for large language model serving with
pagedattention,” in Proceedings of the ACM SIGOPS
29th Symposium on Operating Systems Principles, 2023.

[Online]. Available: https://github.com/langchain-ai/
langchain

T. Brown, B. Mann, N. Ryder, M. Subbiah, J. D. Ka-
plan, P. Dhariwal, A. Neelakantan, P. Shyam, G. Sastry,
A. Askell et al., “Language models are few-shot learn-
ers,” Advances in neural information processing systems,
vol. 33, pp. 1877-1901, 2020.

[Online]. Available: https://platform.openai.com/docs/
guides/prompt-engineering

O. Kuchaiev, J. Li, H. Nguyen, O. Hrinchuk, R. Leary,
B. Ginsburg, S. Kriman, S. Beliaev, V. Lavrukhin,
J. Cook et al.,, “Nemo: a toolkit for building ai
applications using neural modules,” arXiv preprint
arXiv:1909.09577, 2019.

www.xueshuxiangzi.com



	 相关工作 
	 实验 
	 消融研究 

	 References

