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What makes it challenging?
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X Ensuring robustness
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X Handling Out-of-Vocabulary terms
X Efficient search in large databases ’)) Hiftetlar . .
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What do we do? Results Findings
Speech Tokenization for voice search. o , , , , , , . ,
Climinate the need for an ASR module Table 1. The average Jaccard similarity (1) between the tokenized representations of utterance pairs across various distortion conditions. * Our tokens are highly robust to speaker
A | hod ” , Model Tokens | Clean Noise Noise+Reverb (tgo = 0.75) variations and noise-robust.
nove' method to generate speaker-agnostic D08 BB 0B TR TWIB | @b 8 Se8 ThB b * QOur tokens represents subword units
speech tokens. ASR Posteriors: P '
v : L HuBERT-Large [11] 32 0.73 046 059 067 0.71 072 | 024 037 049 0.58 0.64 e Ourtokens preserves combpositionalitv and
. Optimal Transport framework to learn high WavLM-Large [12] 32 0.72 062 067 070 0.71 0.71 052 060 0.65 0.68 0.70 , P P y
entropy codebook. Speech Tokens: effectively handles Out-of-Vocabulary terms.
v ) .. SpeechTokenizer [13] 1024 0.45 009 0.12 0.15 0.18 0.19 | 0.03 004 005 0.07 0.08 . : .l
v TF IDF based search for fast and efficient WavLM-Large [12] | 1000 | 040 | 018 019 021 022 023 | 0.16 0.7 018 018 020 * Optimal Transport enables learning large, high
retrieval. BEST-STD [10] 1024 0.72 0.21 029 042 0.60 0.65 0.19 022 038 055 0.62 entropy codebooks.
Ours - Transformer 1024 0.78 067 073 0.75 0.77 0.77 057 064 068 0.72 0.73
BEST-STD 2.0 1024 0.86 072 0.78 081 0.83 084 | 061 0.69 074 0.77 0.79
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v En.ables use of efficient text-based search Table 2. Spoken Term Detection MTWYV (1) under various distortion conditions on LibriSpeech (left) and TIMIT (right).
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. E“mmat.es neeq fO!‘ explicit word 5dB 0dB 5dB 10dB 15dB 20dB | -5dB 0dB 5dB 10dB 15dB 20dB || -5dB 0dB 5dB 10dB 15dB 20dB | -5dB 0dB 5dB 10dB 15dB  20dB detection.” IEEE International Conference on Acoustics, Speech and
segmentation during inference. zgiiep _ Signal Processing (ICASSP). IEEE, 2025.
— OSteriors:
v i~ i HuBERT-Large [11] | 0.13 021 030 040 047 047 | 0.16 027 034 040 041 043 | 014 022 031 043 049 051 | 0.16 028 037 043 044 046 2. Chen. S. Wana. C.. Chen. Z.. Wu. Y.. Liu. S.. Chen. Z.. Li. J.. Kanda. N.
. Efficient storage of audio database. WavLM-Large[12] | 031 036 043 052 055 058 | 029 037 041 042 043 045 || 033 035 044 052 055 061 | 033 041 046 047 049 0.0 St = TVang, & MAEM, £, W Lo 2, 50 LRSI, £ H 2, Banda, 1.
SpeechTokens: Yoshioka, T., Xiao, X. and Wu, J.,, 2022. Wavim: Large-scale self-
SpeechTokenizer [13] | 0.14 027 039 049 052 053 | 0.13 021 030 042 048 049 | 015 028 042 053 056 057 | 015 026 034 043 048 0.2 supervised pre-training for full stack speech processing. IEEE Journal
. WavLM-Large [12] | 0.17 034 040 053 055 055 | 017 025 035 043 047 049 [ 019 038 044 057 059 061 | 0.19 029 035 046 047 051 ¢ & alocted Tobics in Sianal P .
Research Questions: BEST-STD [10] 027 035 043 050 057 062 | 022 029 037 044 049 054 || 029 038 047 054 062 066 | 025 033 040 049 050 056 Of Selected 10pICs In signal Frocessing
Ours-Transformer 051 058 061 065 067 067 | 050 056 060 062 064 065 || 055 062 066 0.73 074 075 | 052 060 064 066 068 0.69 3 7h < 7h . Li S. Zhou. Y. and Qiu. X.. 2023, S ok
e How to learn speech tokens that are speaker- BEST-STD 2.0 058 064 072 075 077 077 | 051 062 065 067 068 068 || 060 067 078 080 081 082 | 053 063 067 069 070 0.71 - £hang, A, £hang, L., L, ., 2o, 1. and id, 2., - Speechiok
Noise + Reverberation (tg0 = 0.75s) enizer: Unified speech tokenizer for speech large language models.
i I ion~ ASR Posteriors:
agnostic and robust to noise and reverberation: HuBERT-Large [11] | 0.02 006 009 0.3 021 024 | 002 007 0.2 020 026 029 || 003 008 012 023 025 027 | 008 015 024 026 028 030
L g f e~ A At WavLM-Large [12] | 0.11 018 024 030 032 036 | 015 022 029 031 035 037 || 012 021 023 035 037 039 | 0.18 024 031 035 039 041
e How to ensure distinct and discriminative token SpoechTokens: Contact
i i ? SpeechTokenizer [13] | 0.03 005 0.11 0.4 018 020 | 002 004 006 0.1 013 016 || 005 012 018 0.19 023 023 | 007 011 014 018 021 023 :
representations for different spoken terms: WavLM-Large [12] | 0.06 012 0.9 025 034 039 | 004 007 0.14 021 027 031 || 008 016 023 026 030 036 | 0.10 017 023 025 029 030
. BEST-STD [10] 0.18 026 034 040 046 051 | 0.13 020 027 033 039 043 || 020 028 036 044 049 054 | 017 026 033 034 042 048 -
e How to maintain high-entropy codebook? Ours-Transformer | 041 050 055 058 058 060 | 040 046 052 055 057 057 || 043 052 056 062 063 064 | 041 051 055 056 058 059 anup.singh@ugent.be
BEST-STD 2.0 045 053 061 067 068 068 | 040 050 056 058 061 062 || 047 054 063 067 070 071 | 043 054 060 061 065 0.66




