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Introduction Embedding Conditioning ; ﬁé\ ; Experimental Setup
= Problem: Legacy low-bitrate codecs (e.g., AMR-NB) stil = Single model conditioned on a speaker embedding : = : —jl m Dataset: VCTK: 109 English speakers, ~400 utterances each
widely used — narrowband speech, coding artifacts, : i B Codec: AMR-NB @ 4.75 kbps (8 kHz) — target: 16 kHz clean
istener fatigue ® In each gated residual block: e projected via two : | ® Metrics: LSD | (spectral distortion), WB-PESQ 1, ViSQOL 1
_ learned 1x1 convolutions — added to filter and : | (perceptual quality)
® Coded SpeeCh restoration (CSR) restore coded gate branches before nonlinearities: : :
Speech (8 kHZ, AMR-NB @ 4./5 kbpS) to wideband (1 6 : : Speaker SplitS: . Se:\ir;rs \S/alidall(tion SUnsc:;(en
kHZ) Z =tanh(F + E f) Oo(G+E g) : : (8p9 spks) (1poe:pES (1poe:p:§
| E, E, : r - ~———~—"
u Baseline: HiFi-GAN+ [1]: A GAN-based bandwidth ® Runtime complexity = baseline (+0.001% GMACs); | | ™ _Time : Test [
extension model with a non-causal WaveNet generator storage = 1.4 x baseline | L L | @o%) | |
and multi-scale discriminators (1.061 M params, 30.54 | . : WTrair
GMACs/s), retrained for CSR. o o : M Validation
L
B Question: Can personalization improve CSR beyond A
non-personalized models? ” .
T
u —» AMR-NB Codec —> x —>» CSR Model —> u RESUItS
. Seen speakers
| Cluster-Based Model Selection
© CSR baseline 095+0.03 2.76£049 2.21+0.32
m Inspired by cluster-specific neural speech codecs [3]: Partition training-time speaker embeddings Embedding conditioning  0.95 + 0.03 2.95 + 0.51 2.22 + 0.31
Speaker Embeddings nto € = 4 clusters via k-means — train one model per cluster Cluster-based selection 0.92 = 0.03 3.00 = 0.48 2.39 = 0.33

B Each model specializes on acoustically similar speakers; identical architecture to baseline
Unseen speakers

| | | B Test time: Select a model based on enrollment embedding (nearest centroid)
= Pretrained frozen ECAPA-TDNN [2]: 192-dimensional B Runtime complexity = baseline (one model active); storage = 4 x baseline Method LSD  |ViSQOL WB-PESQ
embedding vector e | CSR baseline 0.94+003 2.90+053 2.18+0.34
u Training time: one embedding per speaker, averaged Fmbedding conditioning  0.95 + 0.03 3.01 +0.52 2.15 + 0.32
over all training utterances: U . _
' " Personalized Cluster-based selection 0.92 + 0.03 3.06 + 0.47 2.34 +0.33
: 1 : .
train . . Model 1
eall = - 2 . f (w) test 7 '
frain frain €s 5 | : o
| Ug | e=ueu; L s 5 L Peﬁogalllged 5 ,&geft Conc|u5|ons
: . : ode )
m ime: | | ' . : . C .
Z?::;LT: (Pieie;:?n em Senetair;r?_eddlng per test st Speaker _h o 5 T B [nvestigated two personalization methods for low-bitrate CSR
S P | Usj —> Embedder —> e, — —i> el\r/lsoglal |Cz;e with minimal inference overhead
elest = r(ulest fC) RV ode m Cluster-based model selection consistently improves all metrics

over the baseline

Selection L .
B Outlook: Personalization for causal low-complexity CSR models
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