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Abstract

Reference-conditioned melody-preserving lyric editing re-
places words while retaining a performance’s timing, singer
identity, and naturalness. Continuous-latent autoregression
avoids finite codebooks and offers stepwise generation with
learned stopping. Editing creates a conflict absent from ordi-
nary reconstruction: training pairs reference cues with orig-
inal lyrics, whereas inference asks revised lyrics to override
source-lyric-correlated cues; one source-following patch can
propagate through AR history. We introduce CLASVS. Its
State—Control-Transition (SCT) routing keeps target-lyric and
reference-melody controls persistent, returns semantic feed-
back on phonetic progress to the causal planner, and con-
fines the previous latent patch to the local Transition. Pro-
gressive State—Control Grounding (PSCG) learns this con-
tract through paired-edit-free, content-consistent Mandarin
reconstruction. On two Mandarin benchmarks, CLASVS im-
proves all four operations over discrete-AR Vevo2 and reduces
macro-PER by 46.2%, while maintaining melody, singer sim-
ilarity, and perceptual quality. Together, these results es-
tablish a strong continuous-AR operating point for score-
annotation-free lyric edits and a basis for broader stepwise
control. Audio demonstrations are available on our project
page: https://piedpiperg.github.io/Liyric-SVS/.

Introduction

Melody-preserving lyric editing changes the words of a
singing performance while retaining its melody, timing,
singer identity, and naturalness. Score-conditioned singing
voice synthesis provides precise control through aligned
phonemes, notes, and durations, but such annotations are
costly for arbitrary recordings (Liu et al. 2022; Zhang et al.
2023; Chunhui, Zeng, and He 2023; Kim, Cho, and Lee
2024; Wang et al. 2024; Zhang et al. 2024b; Wang et al.
2022; Zhang et al. 2022a, 2024a; Bai et al. 2026). Reference-
conditioned lyric editing instead accepts a singing recording
and revised lyrics directly (Zhang et al. 2022b, 2026; Hao
et al. 2026; Park, Im, and Nam 2026). Removing score an-
notations, however, creates a selective-preservation problem:
the model must retain the performance characteristics carried
by the reference while rejecting its source lyrics.
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Two architectural axes shape selective preservation. Dis-
crete codecs compact acoustic streams for autoregressive
(AR) modeling (Zeghidour et al. 2022; Défossez et al. 2023;
Kumar et al. 2023; Wu et al. 2024; Zhang et al. 2026), but
finite codebooks may lose subtle variation, whereas contin-
uous or tokenizer free latent models reduce dependence on
fixed codebooks and offer strong fidelity or scalable genera-
tion (Le et al. 2023; Shen et al. 2024; Mehta et al. 2024; Meng
et al. 2025; Yang et al. 2025b). Generation order adds a com-
plementary tradeoff: continuous nonautoregressive (NAR)
systems such as YingMusic-Singer-Plus (YingMusic+) en-
able parallel generation, whereas AR provides stepwise state
and learned stopping. Existing continuous AR models such
as DiTAR and SemaVoice mainly target content consistent
synthesis (Jia et al. 2025; Wang et al. 2026), leaving un-
resolved the supervision mismatch in reference-conditioned
lyric editing under reconstruction only supervision.

This mismatch is especially severe in singing. Recent con-
tinuous or tokenizer free AR speech systems learn content
consistent synthesis (Lian et al. 2026; Peng et al. 2025; Zhou
et al. 2025), while unified speech editors rely on explicit in-
struction based editing supervision (Yan et al. 2025); neither
setting directly provides singing counterfactuals, because
resinging different lyrics also changes timing, phrasing, and
acoustics. We therefore train on same-recording tuples whose
reference, transcript, and acoustic target come from one per-
formance, but this scalable reconstruction never exposes a
conflict between reference and target lyrics or an edit tem-
plate. At inference, revised lyrics create this unseen conflict,
and one patch that follows the source lyrics can bias later AR
history, requiring generalization without paired edits rather
than memorized edit transformations.

CLASYVS addresses this challenge with a State—Control—
Transition (SCT) editing contract. Target lyrics and reference
melody remain persistent Control; a frozen causal seman-
tic encoder returns feedback on realized phonetic progress
as recurrent State (Qian et al. 2022; Chen et al. 2022; Li
et al. 2024); and the previous AudioVAE latent patch enters
only the local Transition. This separates global lyric plan-
ning from local acoustic continuity. Latent patches never
re-enter the causal planner, preserving continuity without
biasing lyric planning. Progressive State—Control Ground-
ing (PSCG) grounds this routing through paired-edit-free,



content-consistent reconstruction. State Grounding pretrains
then freezes the semantic encoder, Control Grounding per-
turbs melody cues and the previous latent patch, and Task
Grounding transfers Mandarin coverage to curated singing.
It needs no paired counterfactual edit recordings.

We evaluate two Mandarin benchmarks under a common
automatic-input protocol using reference audio and target
lyrics. Vevo2 is the primary comparator because it shares
CLASVS’s sequential interface but predicts discrete acous-
tic tokens rather than continuous AudioVAE latent patches
(Zhang et al. 2026). CLASVS improves all four opera-
tions over Vevo2, reducing macro-PER from .0699 to .0376
(46.2%); the profile transfers to the public benchmark. Ying-
Music+ is the complementary continuous-NAR comparator
(Hao et al. 2026): it remains stronger on substitution, global
duration, and speed, whereas CLASVS leads deletion, inser-
tion, macro-PER, voiced-onset MAE, naturalness, and lyric
intelligibility. The two comparators expose complementary
system trade-offs. Matched ablations provide within-stack
SCT/PSCG evidence. Our contributions are:

* SCT Editing Contract. We formulate editing as a con-
flict among persistent target-lyric and reference-melody
controls, phonetic progress, and the previous latent patch,
and route them separately.

* Paired-Edit-Free PSCG. We learn this SCT routing
through three-stage, content-consistent Mandarin recon-
struction, without paired counterfactual edit recordings.

¢ Continuous-AR Editing Results. Under the common
automatic-input protocol, CLASVS reduces macro-PER
by 46.2% versus discrete-AR Vevo?2 across two Mandarin
benchmarks, improving all four operations while preserv-
ing melody, similarity, and perceptual quality.

Method
Inputs, Time Bases, and Duration

Let r be reference audio and x = (z1,...,2r,) the target
lyric-token sequence. A frozen melody tokenizer maps r
tom = (my,...,my, ) at approximately 6.25 Hz using a
512-entry codebook; it is trained from chroma-derived inputs
so that the control emphasizes pitch and timing rather than
lexical content. A frozen CAM++ encoder (Wang et al. 2023)
extracts a 192-D singer vector e. A frozen Ming-UniAudio
AudioVAE (Yan et al. 2025) represents 16-kHz target audio
as z* € RT*64 at 50 Hz.

We group P = 5 frames into z; € R>*%4, 5o the acoustic
recurrence runs at 10 Hz. A final short group is zero padded
and retained as one patch in loss and decoding; no frame-
level trimming is applied, giving at most 100-ms endpoint
granularity, and this tail remains in every metric and listening
item. Melody and acoustic tokens are not one-to-one aligned:
the melody prefix remains in the planner cache while seman-
tic feedback marks generated progress. The stop head learns
output patch count while target/source syllable counts may
differ under reference timing cues. Inference is bounded by
min(Ker + 8,256) patches only as a rollout safeguard.

Training Tuples and the Content Conflict

Each tuple (r,x,z*) comes from one recording: reference
and target audio are the same performance, and x is its tran-
script. Thus training uses content-consistent reconstruction,
never unavailable recordings of one melody sung with coun-
terfactual lyrics. At evaluation, x changes while reference-
derived controls remain tied to the reference audio. This
paired-edit-free training turns lyric editing into a zero-
paired-edit generalization test: success requires following
revised lyrics despite residual source-lyric-correlated evi-
dence, rather than fitting edit templates.

SCT/PSCG make that generalization learnable: target
lyrics remain explicit, melody spans are perturbed, and an
imperfect previous latent patch prevents unconditional pre-
decessor copying. Empirically, output phones across all four
operations are scored against both target and source under
one max-length NED denominator. Their target-preference
margin tests the realized shortcut directly rather than treating
tokenizer purity as an assumption.

State—Control-Transition Routing

Figure 1 summarizes the SCT routing. Let Ry, denote the
recurrent context before patch k:
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The update U (Ry, Z1 ) appends the new patch to the semantic
encoder, pools its five states into semantic feedback, appends
that feedback to the planner cache, and exposes the patch as
the previous latent patch at k£ + 1. At k£ = 1, both recurrent
paths are initialized with zeros.

Lyric and melody tokens prefill a Qwen3-0.6B causal plan-
ner (Yang et al. 2025a). After the first step, only semantic
feedback aj_; is appended:

(hy, Kzlan) = Py(ag_1, Kzl_mf) (2)

The cache retains the full controls and all earlier feedback. A
separate linear head predicts continue/stop from hy. Singer
identity bypasses the planner and modulates each Flow-DiT
block through adaptive layer normalization.

Control serialization and time bases. Lyrics and melody
occupy distinct cached spans rather than a fused pseudo-
score. Melody tokens retain reference-frame timestamps,
whereas target lyric tokens retain sequence order without
requiring note, duration, or edit-boundary labels. A query
for patch k can attend to both complete control spans and se-
mantic feedback through k£ — 1, but never to a future generated
patch. AudioVAE frames use a 20-ms stride and five consecu-
tive frames form one 100-ms transition. If the final transition
is short, it is zero padded and retained as a complete patch
through decoding. This contract keeps score-annotation-free
controls globally available while making generated acoustic
evidence strictly causal.

A frozen Whisper-style 32-layer, 1280-D causal audio en-
coder (Radford et al. 2023) provides the compact path; its
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Figure 1: CLASVS generates 64-D continuous AudioVAE latent patches every 100 ms. Target lyrics and reference-melody
tokens persist in the causal planner’s cache. Each patch updates semantic feedback and becomes the previous latent patch for

the next step; the concatenated sequence is decoded once. Repeated Flow-DiT blocks share parameters.

states are projected to 1024-D before five-frame pooling:
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In parallel, the previous latent patch enters an 8-block Flow-
DiT that combines conditional flow matching with a trans-
former denoiser (Lipman et al. 2023; Peebles and Xie 2023).
Each transition receives one flow-time/planner token, five
predecessor tokens, and five noisy current-patch tokens.
The two paths are complementary views of the same real-
ized patch: semantic feedback supports long-range progress,
whereas the previous latent patch preserves local continuity.

The paths share each generated patch but differ in reach:
semantic feedback persists in the planner cache for all later
steps, whereas the previous latent patch conditions only the
next Flow-DiT transition. This asymmetric lifetime separates
global planning memory from local acoustic continuity.

The semantic route compresses each five-frame patch into
one 1024-D feedback vector, while the local route retains the
complete 5 x 64 patch for only the following transition. This
design lets the planner accumulate content progress without
an unrestricted acoustic history, preserves causal local con-
tinuity in Flow-DiT, and uses incremental caches to avoid
re-encoding the generated prefix.

Progressive State—-Control Grounding

PSCG grounds the SCT editing contract (Figure 2). State
Grounding pretrains the causal semantic encoder with
Lstate = Lasr + dLmsmel before freezing it, so se-
mantic feedback tracks realized content rather than copy-
ing acoustics. Control Grounding applies history dropout
(pn, = .10) to the teacher-forced previous latent patch and
masks reference-melody spans (p,, = .15), forcing recovery
from imperfect local evidence while retaining both controls.
Task Grounding schedules 72K broad-singing, 24K speech-
assisted, and 24K curated-singing updates, supplying cover-
age before editing fidelity (Geng et al. 2026).

Each stage ablation disables only its defining operation
while preserving width, 120K updates, optimizer, Mandarin
pool, manifest, and checkpoint rule. Without State Ground-
ing, the semantic encoder is randomly initialized and trained
jointly for all 120K updates; no untrained encoder is frozen.
Removed inputs are zeroed. The matched unified-context AR
projects semantic feedback and the previous latent patch to
the planner width, combines them through one shared recur-
rent route visible to both causal planning and local gener-
ation, and otherwise retains the same controls, AudioVAE,
planner, Flow-DiT, data, parameters, and updates. Pretrained-
frozen/pretrained-joint/random-joint/random-frozen PER is

.0376/.0391/.0511/.0918. History-dropout, melody-mask,
joint-corruption, and curriculum-order removals yield PER
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Figure 2: Progressive State—Control Grounding (PSCG). State Grounding pretrains the semantic encoder for phonetic progress;
Control Grounding applies history dropout to the previous latent patch and masks melody while retaining lyrics; Task Grounding

moves from broad to curated Mandarin singing.

.0441/.0419/.0468/.0415; full tables are in the supplement.
For target patch z}, noise €, ~ N(0, 1), and 7 ~ (0, 1),

conditional flow matching uses yj , = (1 — 7)€ + 72}, and

target velocity v; = z; — €. The complete objective is

L= Etext + 10LFM + Estop- (4)

Liext 18 causally shifted cross-entropy on nonpadding target-
lyric positions during prefix teacher forcing; melody tokens,
separators, and recurrent semantic feedback are excluded. It
is a planner-side target-content regularizer, not direct acous-
tic or counterfactual supervision; its effect on generated au-
dio is tested by ablation. L.y, is balanced cross-entropy
with the final valid patch labeled stop. Joint lyric—-melody—
singer dropout (p = .10) trains the unconditional guidance
branch (Ho and Salimans 2022), which supports classifier-
free guidance during sampling. We optimize the planner,
adapters, Flow-DiT, and heads while freezing all frontends.
Each patch starts from Gaussian noise and uses 24 Euler steps
with guidance 2.0. We emit one candidate, stop at posterior
.5 or the rollout budget, concatenate the patches, and decode
once; the companion archive includes executable reference
code and module cards.

Experiments
Data, Comparators, and Statistics

Training audio comprises about 8,000 hours of permission-
documented Mandarin singing, 2,000 hours of Mandarin
Emilia speech (He et al. 2024), and 300 hours of curated
open-source singing; all data are Mandarin. Study-specific
evaluation recordings came from consenting singers and
contain no private information; listeners consented, and re-
sponses were de-identified. Three 120K-update seeds use
BF16, ZeRO-2, AdamW, and global batch 128. The check-
point has 0.765B trainable/2.115B total parameters, includ-

ing the frozen 1.350B AudioVAE; versioned feature extrac-
tors are excluded. Cold-start/steady-tail RTF and memory
cover the operational pipeline; external counts follow pub-
lisher scope.

Vevo2 is the primary discrete-AR comparator: both sys-
tems derive melody automatically and decode sequentially
under the common automatic-input protocol, but Vevo2 pre-
dicts discrete acoustic tokens and CLASVS predicts con-
tinuous AudioVAE latent patches. YingMusic+ is the com-
plementary continuous-NAR comparator with parallel infer-
ence. These comparisons establish operating profiles; causal
claims rely on matched SCT/PSCQG tests in Table 5.

CLA-LyricEdit-320 contains 320 edits from 160 excerpts
spanning 80 songs and 40 singers, balanced across partial-
line substitution (PSub), full-line substitution (FSub), dele-
tion, and insertion. PSub replaces a contiguous 2—6-syllable
span while retaining context, FSub replaces every lexical
syllable in a line, and deletion and insertion remove or add
2-6 syllables. Two annotators verify targets and operations
(k = .93); all splits are song-disjoint.

FireRedASR-AED-L transcribes each output; pypinyin
yields phones for PER and normalized edit distance (NED).
Source-lyric reversion rate (SrcRev) counts outputs closer to
source than target under NED. Melody metrics are common-
voiced RMVPE log-FO0 Pearson correlation (FPC) (Wei et al.
2023), voiced-onset MAE, and reference-duration deviation
(RefDur; DUR-A/R1); singer similarity (SIM) is WavLM-
base-plus-SV cosine (Chen et al. 2022). A pre-generation
stratified draw yields 80 blinded audio outputs spanning five
conditions, evaluated by twenty native Mandarin listeners for
naturalness (N-MOS), melody (M-MOS), and lyric intelligi-
bility (L-MOS). We report operation-balanced macro-PER,
10,000 song-clustered draws, listener/item random effects
(Kirkland et al. 2023; Camp et al. 2023), and Holm correc-
tion; evaluator and listener details appear in the supplement.



System Representation / generation ~ Count / basis Required control Quality inference Status

Vevo2 Discrete / AR 1.97B / publisher Ref. audio + target lyrics ~ Official recipe =~ Released checkpoint
YingMusic-Singer-Plus Continuous / NAR 0.73B / publisher Ref. audio + target lyrics ~ Official recipe =~ Released checkpoint
CLASVS Continuous / AR 0.765B /2.115B Ref. audio + target lyrics 24 steps; CFG 2.0 Ours

Table 1: Released comparators and CLASVS share the automatic-input protocol and emit one candidate. CLASVS count is
trainable/total generative-stack size, excluding separately versioned frozen feature extractors; external counts retain publisher
scope. Quality settings appear here and runtime settings in Table 4.
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Figure 3: Common automatic-input comparison across
all three systems: operation PER, listener ratings, cold-
start/steady-tail RTF (lighter/solid), and RefDur.

SCT Control Audit

Table 2 exposes the lexical-change baseline under a com-
mon denominator. Output—target NED is low in every op-
eration (.0252-.0490), whereas output—source NED closely
tracks the required target—source change overall (.4050 ver-
sus .3965). All four target-preference margins are posi-
tive (.2248-.7209; overall .3685). Because chroma-derived
melody tokens need not be lexically invariant, this behav-
ioral audit asks whether outputs follow the target despite any
residual reference cue. Low target NED and positive mar-
gins reject simple source copying while remaining sensitive
to additional errors.

Public-Benchmark Replication

Table 3 uses the frozen released LyricEditBench split and
evaluator (Hao et al. 2026), restricted to its four Mandarin-
only operations. CLASVS improves all four operations over
Vevo2 and lowers macro-PER from .0761 to .0425; against
YingMusic+, it improves deletion and insertion while Ying-
Music+ remains stronger on PSub and FSub (.0425 versus

.0443 overall). This reproduces the discrete-AR gain and
operation-specific profile within the Mandarin-only scope.

Editing Accuracy, Quality, and Identity

Table 4 and Figure 3 show a broad gain over the discrete-AR
comparator: relative to Vevo2, CLASVS reduces macro-PER
by 46.2%, improves every operation, FPC, SIM, RefDur,
voiced-onset MAE, all three MOS scales, and peak mem-
ory, at the cost of slower RTF. Against the continuous-NAR
YingMusic+ comparator, CLASVS has lower macro-PER by
—.0035 [—.0056, —.0013] and better deletion/insertion ac-
curacy (.0279 versus .0615 mean). CLASVS N-MOS rises
from 3.65 to 4.13 (+.48 [+.34, +.62], adjusted p < .001),
reflecting a marked listener preference in naturalness and
acoustic clarity. YingMusic+ remains stronger on substitu-
tion, global RefDur, and speed. The comparison therefore
supports a complete-system continuous-AR operating point
rather than uniform or one-factor architectural dominance.

PSCG and Inference Diagnostics

PSCG development sweeps favor moderate latent-patch
corruption: increasing pp from .10 to .20 lowers PSub
PER from .0505 to .0437 and SrcRev from .081 to
.055, but worsens macro-PER to .0397; .10 is the locked
trade-off. Removing State Grounding changes PER/FPC to
.0511/.9168, supporting semantic feedback as an explicitly
grounded phonetic-progress State.

Table 5 uses three seeds. Full versus matched unified im-
proves PER by —.0071 [—.0085, —.0057], FPC by +.0131
[+.0098, 4-.0164], and SrcRev by —.037 [—.048, —.026].
The route removals are complementary rather than in-
terchangeable: removing semantic feedback most strongly
harms lyric accuracy and target following, whereas remov-
ing the previous latent patch most strongly harms melody
preservation. Grounding-stage removals show the same di-
vision of labor at training time. Removing L.y raises PER
to .0458 and SrcRev to .137, further connecting target orga-
nization in the causal planner to generated audio.

Configuration discipline. All matched rows retain the
same frontends, data, width, 0.765B trainable budget, 120K
updates, manifest, and checkpoint rule; three-seed PER SD
across routing/stage rows is .0009-.0016. The explicit 2x 2
State-Grounding check separates initialization from freezing;
its one-time semantic pretraining is an additional cost out-
side the downstream schedule, so this check is not compute
matched. Separate removals isolate history dropout, melody
masking, and curriculum order. Released checkpoints remain



Evaluation PSub FSub Del Ins Overall Interpretation
Output—target NED|, .0490 .0430 .0252 .0289 .0365 Desired content
Output-source NED7 3107 7639 2500 2954 4050 Rejected reference words
Target—source NED .3020 7600 .2380 .2860 .3965 Required lexical change
Target-preference marginf 2617 7209 2248 2665 .3685 Output—source minus output—target

Table 2: Counterfactual content audit. NED is phone edit distance divided by the larger sequence length; target-preference
margin is output—source minus output—target. No-edit output—target/source is .018/.019.

System PSub FSub Del Ins Macro-PER|
Vevo2 .0664 .0607 1123 .0649 0761
YingMusic-Singer-Plus 0214 .0186 .0946 .0426 .0443
CLASVS .0508 .0435 0398 0357 0425

Table 3: Four Mandarin-only LyricEditBench operations under the common automatic-input protocol and public evaluator.
Cross-lingual categories are excluded; the discrete-AR gain and operation-specific profile transfer.

System PSub FSub Del Ins Macro-PER [95% CI]| FPCt SIMt RefDur./Onset] C/SRTF| AGiBJ
Vevo2 .0617 .0563 .1033 .0581  .0699 [.0617,.0781] .7440 .892 1.6009%/69.58ms 2.060/1.197  8.62
YingMusic-Singer-Plus  .0171 .0245 .0847 .0382  .0411[.0356,.0469] .9340 906 .1464%/18.80ms  .594/.226 6.74
CLASVS 0505 .0442 .0260 .0298  .0376 [.0326,.0429] .9410 .914  .9923%/7.68ms 5.858/5.380  5.82

Table 4: One candidate per item/run on 320 Mandarin edits. RefDur is DUR-A/R1 absolute output/reference duration deviation;
Onset is voiced-onset MAE. CLASVS intervals resample songs and three training runs; released comparators condition on one
checkpoint. C/S is cold-start/steady-tail RTF; AGiB is incremental peak memory in a separate runtime benchmark.

Configuration PER| FPCYT SrcRev) System N-MOS M-MOS L-MOS
Full SCT + PSCG .0376 9410 .081 3.89 3.74 3.86
No semantic-feedback route 0564 9205 154 Vevo2 [3.78,4.00] [3.63,3.85] [3.75,3.97]
No latent-patch route .0492 .8896 .086 YineMusi ;3 53563574] 4 149'24735] 4 641 b?l9]

e ingMusic+ .55,3. 194 .01,4.
Unified-context AR .0447 9279 118 413 498 442
— State Grounding 0511 9168 143 CLASVS [4.04,4.22] [4.20,4.36] [4.34,4.50]
— Control Grounding .0468 9242 121 - -

. A vs. YingMusic+ +.48 +.01 +.32

— Task Grounding .0439 9298 102 Adjusted p < 001 79 < 001

Table 5: SCT and PSCG checks under one locked continuous-
AR protocol. Unified-context AR is matched in frontends,
planner, generator, data, width, parameters, and updates;
lower SrcRev is better.

system comparators, not causal ablations; runtime settings
are separately labeled.

Inference-time sensitivity checks. Figure 4 creates held-
out counterfactual conflicts. Target-lyric swaps fix the
reference-melody control, singer vector, flow noise, and roll-
out budget; matched reference-melody swaps fix all other
inputs. Order-breaking and replacement tests agree: disrupt-
ing semantic feedback lowers the target-lyric control margin,
disrupting latent patches lowers the reference-melody con-
trol margin, and clustered intervals exclude zero. A progress
probe favors semantic feedback.

Analysis and Discussion

System-level evidence. Vevo2 and YingMusic+ are the
discrete-AR and continuous-NAR comparators under the

Table 6: Ordinal listener—item analysis over 80 blinded audio
outputs; deltas use YingMusic+, and the M-MOS difference
is not detectable.

common automatic-input protocol. They establish complete-
system profiles; matched unified-context, route, and stage in-
terventions support SCT/PSCG attribution. The public Man-
darin benchmark reproduces the operation-specific profile.

Why the two comparators are complementary. Vevo2
shares CLASVS’s sequential, automatically extracted
melody-token interface but predicts discrete acoustic tokens
instead of continuous AudioVAE latent patches; CLASVS
improves every reported editing and preservation measure.
YingMusic+ generates continuous features in parallel and
leads substitution and RTF; CLASVS leads deletion, in-
sertion, voiced-onset MAE, N-MOS, L-MOS, and macro-
PER. Together with the matched unified-context ablation,
these complementary profiles across the evaluated systems
support—without factorial attribution—high-fidelity step-
wise control with learned stopping.
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Figure 4: SCT diagnostics (song-clustered 95% intervals): paired control swaps, a progress probe, and failure by output-length
quartile. Blue/red/green denote full/semantic-feedback-shuffled/latent-patch-shuffled; gray is position-only.

Zero-paired-edit  generalization. Resinging revised
words changes the performance, so paired counterfactual
edit recordings are not naturally observable. Training
never reveals the conflict, edit-span alignment, or opera-
tion template; CLASVS applies its SCT editing contract
only at test time. The .3685 target-preference margin
and deletion/insertion gains evidence behavior beyond
reconstruction; progress-probe MAE (.082 versus .191),
route shuffles, and history dropout independently support
the contract across held-out cases.

Robustness across edit demands. CLASVS improves
every Vevo2 operation, especially length-changing edits.
Against YingMusic+ it leads deletion/insertion but trails sub-
stitution; the same profile recurs on the public benchmark
under matched evaluation. Output-target/source NED rules
out retained-word shortcuts; RefDur and voiced-onset MAE
track reference pacing. Thus lexical, temporal, and replicated
evidence complement macro-PER.

State size and runtime. Here compact is temporal: one
1024-D semantic-feedback vector enters the cache per patch;
the previous latent patch stays one patch wide. Cache growth
remains linear during long rollouts and incremental memory
is 5.82 GiB; long inputs require future compression.

Metric and deployment trade-offs. CLASVS improves
all Vevo2 measures under matched inputs, at slower RTF.
Against YingMusic+ it leads macro-PER, deletion/insertion,
naturalness, and voiced-onset MAE but trails substitution,
global RefDur, and RTF, so it favors offline use.

What the stopping audit adds. The stop head deter-
mines realized patch count across all operations; min (K, ef +
8,256) is only a guard. Budget-hit rates are 0/0/0/1.25%
for PSub/FSub/Del/Ins; premature/delayed-stop rates never
exceed 1.25/2.50%. Here “length change” refers to tar-
get/source syllable count, not a required change in global
audio duration: insertion and deletion may redistribute lo-
cal rate while retaining the reference timeline. Together with
output—source NED, these rates show that deletion accuracy
is not obtained by truncation or retained words.

Transfer audits. Across 24 post-freeze singers (192
edits), CLASVS/YingMusic+ gives PER .0472/.0521,
FPC .934/.928, SIM .905/.898, and voiced-onset MAE
9.4/21.6 ms. The public benchmark retains YingMusic+’s

substitution lead and CLASVS’s deletion/insertion advan-
tage, confirming the operation-specific profile.

Perceptual interpretation. CLASVS improves N-MOS
by +.48 [+.34,4.62] and L-MOS by +.32 [+.20, +.44]
over YingMusic+ under the same listening protocol; M-MOS
differs by an undetectable +.01. N-MOS explicitly includes
clarity and artifacts, so 4.13 versus 3.65 supports clearer
output; L-MOS independently confirms target intelligibility.
These perceptual gains complement deletion/insertion accu-
racy without treating the M-MOS null as equivalence.

Limitations, Reproducibility, and Ethics

Evaluation uses one recognizer and reference-timing met-
rics on Mandarin 2-6-syllable edits; cross-lingual and long-
edit validation remain open. Upon publication, we will re-
lease training, inference, and evaluation code/configurations,
per-item scores, CLA-LyricEdit-320 annotations and permit-
ted audio, plus identity-authorized inference checkpoints; re-
stricted training audio cannot be redistributed.

Recognizable-voice editing can enable impersonation
(Zang et al. 2024). Source-level permissions, opt-out and re-
moval procedures, identity-authorized access, and localized
provenance therefore govern data use, checkpoint release,
and responses to misuse reports (Roman et al. 2024).

Conclusion

CLASVS establishes continuous-latent autoregression for
melody-preserving Mandarin lyric editing without manual
score annotations. Its SCT editing contract separates target-
lyric and reference-melody controls, semantic feedback on
phonetic progress, and the previous AudioVAE latent patch;
PSCG grounds this routing through content-consistent recon-
struction. It follows revised lyrics without paired counterfac-
tual edit recordings. Under the common automatic-input pro-
tocol, CLASVS improves every Vevo2 operation and attains
the lowest macro-PER, especially on deletion and insertion.
It preserves melody and singer identity while improving nat-
uralness and lyric intelligibility over the continuous-NAR
comparator, though parallel generation is faster and stronger
on substitution. Interventions show semantic feedback guides
progress while the previous latent patch preserves local con-
tinuity. These results provide a continuous-AR foundation
for broader controllable singing performance.
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