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19 FBISANE, I HEEEE R, IBE6K. HERE. BEER. BRRs. FEEHalE, 8%
g N WA,

ICASSP (International Conference on Acoustics, Speech, and Signal Processing) =& IEEE (54 EFS
(Signal Processing Society) I AFS, R2HFANESEX. FLHENEE. ESNESHERENASFHENER
2, ERIESHANERESHANIRERSN. FESWEL "Where Signals Meet Intelligence” AEXE, AT
WEEERE. EESK. BEIEE. BAESHE. NBFEIES .

1. CodeSep: Low-Bitrate Codec-Driven Speech Separation with Base-Token Disentanglement and
Auxiliary-Token Serial Prediction

IEXEE: HENS, 35, IR, FhE, ZEE
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ANREES,ESETEREEX—SFNALR, EESISRBEAESOBENEN, ERERTERIE
MEFHENEEGRL, ZRAR ZNATE ESWRNEFSEMNE. SRNX—MATER, INURE—FETRE
TOERRIBRSLMAREL CodeSep, IZIEBIAIRIRISERIES 77 SIRADEEEFEMINESS. CodeSep REIH=AORIR
1Rk BEFREREEWES (residual vector quantizer, RVQ) HIERHZESMEIDeS. BEIRIIFTIERmIER
(base-token disentanglement, BTD) LAKFHT/REERAEFSIFUNELR (auxiliary-token serial prediction,
ATSP)., HT/ERIZINT: B, EFEF7 R RSESIIERINE S BASRIE AN MATERRIFS;
WS, FHTRERIEFS TR EIARRRIEFFHITIAL, BIFFITNERGERIEFS; &5, RiFEE
HRIEIRSERTERIIFS, RO BESTRVINEN, TREIZNER, REGETIEEREBRERIRMME
BiES, WERAHBRATRVERCSETHIMERIRIEIRZ RS EREK. BT EMERSFEE Y
FNIEERFRIEFS, CodeSep 1REVREELIRIDEREYS, LIERFR, BRTUAELED, CodeSep #HEE
X 1 kbps RGEBEAAET, (HRENBSABBANES D ERR.

IEXER: FREARMAUE https://arxiv.org/abs/2601.12757
Demo IEEMIA https://redmist328.github.io/CodeSep/

2.  DAIEN-TTS: Disentangled Audio Infilling for Environment-aware Text-to-Speech Synthesis
IEXfEE: BUK, BT, B, M, X5, ARY


https://arxiv.org/abs/2601.12757
https://redmist328.github.io/CodeSep/
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ARE T —HETHESERNN SRR SHEAETARIEE. DAIEN-TTS, B INEERAEEIR~E
SRS, X EEE a6 55 BREIPE T aTis4ER, DAIEN-TTS LIETFRICE (flow matching, FM)
NEHEANES SRR F5-TTS fEABTRLE. EEIE R, 555 I AFUIANES-RIESE (speech-environment
separation, SES) #&iR, SRRIESHHB AT MES SINESINAE/RIERR. B, X _EAMmIEE/RigsBIEM
FEHEERBENEEERERE, LIGERRINET BEE SR SRR S A— BB AIERRE ], FSE/RISAIHRIE
PEERD S AMANLRWE LY, @I TR (cross attention, CA) #H5ENZE Diffusion Transformer (DiT)
ek, SIS R MRS TS PRI T EIER., EfEiNgiET, SR EIASIEIR RSO BIE
SES RO BB T HESIERESMESIEMRE, HEAEERHSMERMMNER, FRBEERBINES
EENRERSEERNEERING, AH— SRR ERINER RN, A OHEE K4 SINERIHERANEL D 2EES|
& (dual classifier-free guidance, DCFG) , FHRHSIRLVEERREE, LMRIESHKIES S ESURTIED T
FRY—EuE. SCIRLERERAA, DAIEN-TTS B4R EEREAESTEENNEES, BEEa5E2NERlELS
XS RHNE B R SR MRS E .

IEXHIE: Demo IBEMMA https://yxlu-0102.github.io/DAIEN-TTS

3. Enhancing Noise Robustness for Neural Speech Codecs through Resource-Efficient Progressive
Quantization Perturbation Simulation

IEXEE: MR, 3K, =M, Bl

e PERFERAKRE

IEXEN:


https://yxlu-0102.github.io/DAIEN-TTS

Algorithm 1 Progressive Probabilistic Top-K Sampling in RVQ

Require: Encoding feature z, N VQ codebooks {e}‘},’f:l, number
of top candidates K
Ensure: Quantized result z
1: forl = Nto1ldo
2: 2z =0,residual =z

3 forn =1to N do

4 Compute distances d; = ||residual — €7 |2

5: if n == [ then

6: Select top-K:

R P Top-K; [|lZe — e;l|2

7 Compute probabilities: P, = TK ep(dm, 9 ]l:tp:,:,j'ja{,;) )
8: Sample m ~ Categorical(Ppn,, ..., Pmy)

9: else

10: Select closest: m = arg min; d;
11: end if
12: %z = 2 + ey, residual = residual — e},
13:  end for
14:  Update gradients for components after [-th VQ.
15: end for

ARETHEIESREESRERSAE THSHTRE. RENENHREIESREESRTET#ESEN LEN

2, ERERHNEREBESTSSHENIEFERNBRFAERIMREE (Codeword Shift) , MNTMHEREMEIEEH
FRE. HMX—RER, FGRH T —MERKMAITHR-THEESIENRRSIE 4R, BYEREECER
RN RIE RIS SO REURI S, IS IN TR OS]

1. =R Top-K SREEHE& (Probabilistic Top-K Sampling) : B THREXREENK (RVQ) M EFRMEMRITN
IR, IZREEIRIBEERINAURZRMAT K MEERSAREHTREE, BRUEN TIRFS ARSI .
A4 752 (Progressive Training Scheme) : RFEIRIEFINRBAE, LSS LS INMED. g
M EEREINRNORE— N REETE, BERRHEHEE RIS, R T ERREX .

N

SCISTE Encodec 1 WavTokenizer BEANSCHHAVSRARIDEE HHTIOE, EREA, W FEREEIRH 7 ESRRESEHER
WA SIRFELMTRIZEM (FIW7E 15 dB SNRIRMET, £ Encodec JRfFRBAYIEEAY UTMOS 5 M 3.475 BAZE
3.586) , FARIET$ES FHRRIDRE FEEE TR .

N

IE3CEE: FREDRRMILE https://arxiv.org/abs/2509.19025

4. ParaGSE: Parallel Generative Speech Enhancement with Group-Vector-Quantization-Based neural
Speech Codec

IEXESE: X, XF
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TR, ERENESERZEZRE; A, NELEEAZHTEESRESS. FEERUNEERET
PEIRAREEIARE, NRRRIXLE,, AR T —MEAFHTERTIESIEE (ParaGSE) 122, ZIEZRET—FRA


https://arxiv.org/abs/2509.19025

HREEN (GVQ) MMEZIEERENR. 1% GVQ RFLNEMEEIRASNEEENE (VQ) ERfRIRT
HIBIAL token, MiTOfif ParaGSE BefissiithitiTH1T token T, B{AMS, ParaGSE Rl GVQ JRFDEIEE
WIEERIEAETAER token; BEEHELIBMSTHEFHENFRMRIFHTOSIHIRNRIMAIFE token; RGBSR
MERRER N TMES. TRERER, EE3ES. BN, HRIMNERSSSMEERMT, ParaGSE
BRI SAER BT AE B A B MATERES. oh, BT token FRNUFAIFITIHE, ParaGSE
£ CPU LRYERGHIEERBITERMVIESIEEARTTEY 1.5 &

IEXZFR: Demo IEEMIA https://anonymity225.github.io/ParaGSE/

5.  Understanding Textual Capability Degradation in Speech LLMs via Parameter Importance Analysis
IEXEE: EB, MR, X5, mEk
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BESIESERHAESRE (LLM) BEV B THED, BFFEREBEER U AERARN. XFNEIISIR
BT EEARRE RS SRR IS ARNRANEE]. ARREETEEARE G2 RANRIDEE -SSR, RAE
W TZIERRREEN S, FRIETSHEEEHRIRUOITIESR, 18R 7 EE ISR RN ASHEEES T
RS : WNANEEEXTENSHEEMRESGERIER, EFX—RMN, BIURR THRMERRR: 2BEXY
Z (Layer-wise Learning Rate Scheduling) SEFKEES (LoRA) , MESERISFRASHER D, LINER
T, XEMSAEREAEHATESATLERNRE, RAREHER TFOIERZESIMERE. I, BRIMDTE
AR BRI E RN S KB SEE PRI ARSI HERR,  NEAMIHRH TIEICHKIE.

300 4000 0 1000 2000 3000 4000

IEXER: FREARMAUE https://arxiv.org/abs/2509.23755

6. GROUP RELATIVE POLICY OPTIMIZATION FOR TEXT-TO-SPEECH WITH LARGE LANGUAGE
MODELS

IEX(EE: Xip, BIE, B5FF KiHE, BRE

B3R PEREERARE, BANS, hER

e


https://anonymity225.github.io/ParaGSE/
https://arxiv.org/abs/2509.23755
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ASHRET—FET GRPO 17535, BISMIIAIESNESIRGI (ASR) #HERREEERNES, SRIERETXES
R (LLM) BSARAES (TTS) #REIMAE. SLIEERS LLM-based TTS HBRCEITTEEEL, RIS EARSE
ZIIRERETT BRI, o, IR T N EERMRE, BFFHHRE ( character error rate, CER) SM)
ASR HREIERISHITAXIEAA ( negative log-likelihood, NLL) 1B45&, NMiRHEEE+FEEE HRIIEMES.
B AR FHES AT GRPO BRI LLM-based TTS 188!, FHHGEETHRA (zero-shot) TTS {E5+H
T, SLIRERFRR, ZEABEIRTT CosyVoice2 LA Llasa #EEEHH AP MEMERAS BIESHIRTIEE
BRE. HRISCIEFIE—S IO sEIIERR T S AR R HE R,

IEXEIR: FREDARMAE https://arxiv.org/abs/2509.18798

7. QE-XVC: Zero-Shot Cross-Lingual Voice Conversion via Query-Enhancement and Conditional

Flow Matching

WEE: WEA, R, ENH, IR Y KUE 2EE
WX BN FERFRAKRE
WX E A
Vsre ||||||.|| — source speech flow & frainable Conditional Flow Matching
. — target speech flow 3 freeze i %o
XLSR O e
Yigt I||I|I lyrgr Yorc W Mt'd :
" . - & Blo;:ks
| -n Embedding _ =~ Content . li
CAMre 8 [ Query Query Y s
€rgt
Query-Enhancement ||I|||<—'izi Vocoder

1EZ## (Voice Conversion, VC) SHEBHIBEZHIRIEASH, ENRBHEESHNE. BIESIEERKR (Cross-lingual
Voice Conversion, XVC) #—# XM T ARIEFIHIBEAZBIMNBESHEK. WENTHEA XVC FTEEFEARKEHIR.
WIEABRBEAR, NBEBESHEENES BRFERS A, BF0, ASURET QE-XVC, —MEE T ZiaEafE
R ILES (Conditional Flow Matching, CFM) BIE3IEHEA XVC 773k, BARME, BINRITT - EigREsR, FIH
TIEARIE (Speaker Verification, SV) fREGIIE AN B EINK ABERAEMRRIEAEE, KIERHE/NESTIRIAIIN
FAIEARIE. BEfE, CFM 1HEIZE AATIR BIRHIE AR NS4 T ERBIRE AT, R EmREEE ks
EEE.

KWHERKA, QE-XVC ARSINEFENHBLRBENBRT, B TEENEASHER REGRA T HRERIEAS
BHRBYR.

WXHIE: EZHA https://hjguo0l.github.io/QE-XVC/

8.  SyncSpeech: Efficient and Low-Latency Text-to-Speech based on Temporal Masked Transformer
IEXEE: BlgE, HEE KR, BN, MRTE

IEXEfI: PERFRAKRE

BN


https://arxiv.org/abs/2509.18798
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HRINESEELHEIGE : BREEEES Token NERSMSHERSERXT, MIFERIIEREENF
ENTREMEERENE SR, ATHREX—EE, ASGEHTETH SIS Transformer FERERIES
BRHEEY SyncSpeech, IZIERISCIN T BRIIFREAIE AR SIFRRIFREAIFHTREL. B)IGMER, &t T HEE
WE RS AN, BRI BRI ESIT R0, o, AT, BIISINT —FsHi==msmil
HRNE, ZRBREEEZRT TREAEREE. BN, SyncSpeech BISBRLHEIIENMENANAIFIC

(Token) FTYSRAIRTEIESEIRC, SR TIRESHHE, B, BEEEKEIRIUANNSE N XA R EFRE
BiEES, U THRRAER, THEERER, SyncSpeech TEREFSEREMEIT TTS SEMANESERENRR,
WTEBIR 5.8 EAIRHELILSLRIEE 8.8 ST .

IEXZFiR: Demo IEEMIA https://SyncSpeech.github.io/

9. JUND-FO: A NOVEL DEEP LEARNING FRAMEWORK FOR JOINT UNVOICED/VOICED DETECTION
AND FO ESTIMATION

IEXIEE: [FME, B%, NEk, B8, =XR
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AAFHRET—ME 7 JUND-FO (Bt &ERENSEIREN) MNFREREEIELR. B, JUND-FO Sl THEE
MSEHEE> (JFUV, Joint FO and V/UV learning) fix—ESRSEHREEN (UFUV, Unified FO and V/UV
detection) FIFEIFISRER, JFUV BISEEHSEEEESIANME, T 7 NEEENEROGHRSES. WS,
UFUV &EEhE X AMEmEPNEREE, EsHsEmEtumEet, S THEIRNERSEARE. b, iZiE
ZREISHEINRE (MAE) | HESRIRE (GPE) | [RIGESUERZE (RPA) FIiEHMERKIRE (VDE) Higtr g%



https://syncspeech.github.io/

DR, AAFRER, BUREFEI SH—ENERE, JUND-FO B2 AiREEEEEERENAINERSITTE,

10. EGGCODEC: A ROBUST NEURAL ENCODEC FRAMEWORK FOR EGG RECONSTRUCTION AND FO
EXTRACTION

IEXIESE: 3%, WS, B, RRE

X PERFERAKRE
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Hin (FO) RENZIESESAENERES, BERNERRNAZRT ARSI SRR S INERIZ
T, (HERLMRISRIFIRSEM. AARNE T &) EGGCodec AU IRIRISSRESRE, THEEAE
(EGG) SSEZEMESM (FO) RIMRT . HIMRHT —MSRESUSIRKCRE, LIBERIGTIER EGG 55
EAIHRR, FHRELRHSRERMEHRELIRSIZURENFIERYE . SEEMNHEFRI FO RIS RRIDaRRE
AE, EGGCodec FIFTS FO MEXRRFEEMNERE EGG 55 . BUBRESRN GAN #IBIgE, HITMEBIERY
ERURTHR MEMT EGGCodec AYY)IIZIRE, BNER THILAZERATTRIMERE TR . I i2EANES EGG AI%ER
5 EFTROISGFIREIT(ERIE, EGGCodec RIFRIMRYF, BHIEIHRE (MAE) M 14.14 Hz [HEE 13.69 Hz,

FEBERERKRE (VDE) BET 38.2% . Iy, KEAHERISISIGIET EGGCodec HMAMIISHR .

11. CROSS-LINGUAL ALZHEIMER' S DISEASE DETECTION WITH MULTIMODAL LLMS VIA SPEECH CUE-
AUGMENTED PROMPTING AND INSTRUCTION TUNING

IEXMFE: XER, FintE, RS, @Y, B%, KMEE =RE

BB FERNFRARE, BTERF

e
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EFESHM/RKEER (AD) RUESE RANMARS, EEaNEESE IERHIRIUEADIESISIEEZ
ERFRIFANZ AN, AARIEE T —MFIASESAESHEE (MLLMs) H#TIEIES AD REAE. 8%,
BIESTHA (Zero-shot) BT, £XIZIE (ADReSS, PROCESS) FHX (iFLYTEK) =1 AD #iE&E, E&iT
fET=F MLLMs (MiDashengLM, Qwen2-Audio 1 Qwen2.5-Omni) EPU#E7iE (Prompt) THIZEI, A5
LERERE, FTUEYEERTR (Contextual Chain-of-Thought Prompt) AESSSCIIERRIISHEA MRS, BEiE, BRAJR
HTIESLRIEEIET (Speech Cue-Augmented Prompting, SCAP) 75i%, BIERR7AFFREIISE 5 AD 18XH
EESENEAESER, TRERER, &8 SCAP 1Y MLLMs R{UEH 7T SHAEY, EEBRTIERNGSS
STHERY, IHh, BAURETESERKREER (LoRA) 33 MLLMs #HTHE<SMIE (Instruction Tuning) . &RAM, 4
B SCAP RUIS<HMEEH—LSIRFT TR (In-Domain, ID) /ERIZFELE, (Out-of-Domain, OOD) iT#8ES], % ID
1 OOD FMIZE MO TFArAREEIEEER, ANREH, BEBORIHNEREESEEME, MLLMs &
Ryt EERIESAAMR AD RITE,

12. A Task-Aware Dual-Level Self-Supervised Learning Method for Effective Sound Event Detection
IEXEE: X2, UK, 2SS, I, RE

B PERFRAKRE

X &N
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BTEEEMHEN (SED) M¥IEFY, LISHIRE (AT) (FAMES, EWIEREEEN, MEREES
(SSL) BEREEARE. BEit, REREBHRLEEFIN SSLITEHDERESN, EIEKRSEH SSL5ERA
BR(ES (DDA ERRENNR), SEXS SED-AT SEalAMES. HTHERIZIAE, iR T —FMYESBARINRE L
BFI75%, LATLECERS SED-AT HnEFY, Bk, BANR T —MET Transformer BIZRAERES, B BERE
RS TUER SRR SED IRTHIIMRESFIERT AT IRIHAIRRRAESS, BXUEISANREIRRITIHES, WmsEIEs
BEE>. W5, Tk BiR, BAMELEFIT—NRENEAR, 7 SED ZHEAMAYAISE. £ DESED #uEs& L
FHTRUSEIGSREA, FIRTTEERMEAIMLRE, S3IEUET 0.611/0.819 Y PSDS1/PSDS2,

13. Hierarchical Contrastive Learning with Speech Language Model for Separating Similar Speakers
IEXIESE: B, BN, EER, iR, 4R, S&E iR
B3R PERIFRAKRE, BANY, BERIRERR
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LRNESE N BRAESERLIREASSE THIRMERER. A3URHT HCL-SLM (Hierarchical Contrastive
Learning with Speech Language Model), —fRETFREASERLILIEAD BIIRAIIFHELR. MIEE5IA Qwen2-
Audio IBEFIESEENSRIENFTR, RITRRILREHE : B X ABUERAFE R ANSERA BREENE AR
R EMSHHREETIESESHGN (VAD) HRRESNHERI4ES T RIREA RRINENER, NIBERESDE
FEEIRETARIRE, ZIEEAN TS EMAZEEN, (WBIFINE BRI RS X SR ERIIRE AR, &
N EMRSHNE RS BEMEIHTH ZL0RAE, (ERBMERIBRIIIZER, HCL-SLM BERISERE D IR,

ISEE: FHEARRS: https://github.com/proudpie/HCL-SLM

14. INTEGRATING SPEAKER EMBEDDINGS AND LLM-DERIVED SEMANTIC REPRESENTATIONS FOR
STREAMING SPEAKER DIARIZATION

IEXMFE: EXh, X8R, &R, ITER, Wi, ¥ 1F, Lukas Burget, &%, tH&

B3R PERMFERARE, BAME, MREETAZ
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15. Improving Anomalous Sound Detection with Attribute-aware Representation from Domain-
adaptive Pre-training

IEXEE: A, oE, 5, #8, TE, %1%, &%, /IR, 585 1R

B FERFRAKRE, BN, EREREZHTO
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16. Advancing LLM-Based Multi-Channel Multi-Speaker speech recognition with Global Cross-Channel

Attention and Sentence-Ordered First-In First-Out Serialized Output Training
IEXMEE: BRI, XEEs, EER|, MR, FUOE, &, iR, itdd
B3R PERIFRAKRE, REARS
e
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17. CaSNet: Compress-and-Send Network Based Multi-Device Speech Enhancement Model for
Distributed Microphone Arrays

IEXMEE: Rz, RS, MER
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RSHUMSEEE, HRRENEREINRIAIESAIRRDHDENSE, FEITREDBHTESE, NTREE
INEENERR. MEPURLEIRRECRNHIE, BSETSSREEBIEEHEIHTES, MERRHBRERLE
RS, EREETA—HMRIERIES. 5 RS FRUSCICERRE, SR TEMRIIERENL, FiRHAY CaSNet
BEBTE/ L F A RERORIR T B2 R SR E R E.

IBER: FRRAHRS: https://github.com/Jokejiangv/CaSNet

18. NeuroCapsNet: A Neuro-Inspired Capsule Network for Multi-Direction Auditory Spatial Attention
Detection
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IB3ER: FHRAES: https://github.com/zyb6239/NeuroCapsNet

19. The USTC-NERCSLIP System for the RASE Challenge
IEXESE: [EAR, K|, KE

e8I PERFRAKRE, KEETRF

IEXE:
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