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Abstract

Video-to-audio (V2A) generation aims to pro-
duce a single soundtrack that is simultane-
ously semantically faithful, temporally synchro-
nized, aesthetically natural, and—for stereo
output—spatially accurate. These perceptual
axes are judged on the same waveform yet of-
ten pull generation in locally conflicting direc-
tions, while the dominant post-training recipe—
reinforcement learning (RL) from an aggre-
gated scalar reward—supervises them only at
the final waveform with one entangled signal
that gives little indication of which axis failed
or where, so competing axes interfere through a
single advantage value. We present MosaicAu-
dio, a V2A framework that replaces terminal
scalar rewards with dense, per-axis supervision
distilled on-policy. MosaicAudio first trains
four specialist flow-matching teachers, one per
perceptual axis, then consolidates them into a
single student: the student samples its own de-
noising trajectories and, at each visited state, re-
ceives a full teacher velocity field routed to one
axis at a time, so that incompatible corrections
are not averaged together. A perceptual mani-
fold anchor keeps the student on a high-fidelity
audio prior and curbs reward hacking during
alignment. On the in-domain VGGSound test
set and the out-of-domain AudioCanvas bench-
mark, MosaicAudio achieves state-of-the-art
performance among compared V2A systems
across objective metrics and human ratings,
with especially consistent gains in complex
multi-event scenes. Demo page: https://
MosaicAudio-project.github.io.

1 Introduction

Video-to-Audio (V2A) generation, or video foley,
synthesizes a soundtrack for a silent video, option-
ally guided by text. The difficulty is not producing
plausible sound but satisfying four perceptual de-
mands at once on the same waveform: naming the
right events (semantic faithfulness), striking them
at the right instants (temporal synchrony), sounding

natural and usable (aesthetic quality), and placing
sources in the stereo field (spatial accuracy). These
axes routinely conflict at fine acoustic scale: round-
ing a transient for smoothness blurs the impact that
synchrony needs, and widening the stereo image
to localize a source perturbs the cues that shape its
timbre. Optimizing one axis in isolation tends to
regress another.

V2A systems have moved from visual-only syn-
thesis (Luo et al., 2023; Wang et al., 2024a) to con-
trollable multimodal generation with stronger text,
video, and audio-language conditioning (Cheng
et al., 2024a; Tian et al., 2025; Polyak et al.,
2024; Wang et al., 2024b; Shan et al., 2025).
ThinkSound (Liu et al., 2025a) makes generation
explicit through a chain-of-thought (CoT) (Wei
et al., 2022) plan, and PrismAudio (Liu et al.,
2026b) post-trains such a planner-conditioned gen-
erator with reinforcement learning (RL) against
per-axis reward models. This line of work shows
that explicit reasoning and perceptually grounded
rewards both help.

Yet these systems share a structural limitation
in how the reward reaches the generator. RL post-
training scores a finished waveform and collapses
the axes into one aggregated scalar advantage. That
signal is terminal—only the final waveform is
scored, so the same advantage is broadcast to ev-
ery denoising step rather than telling each state
how to move; scalar—one number cannot local-
ize a failure to event identity, timing, texture, or
placement; and fixed—a single set of weights gov-
erns every clip and every step. For coupled audio
axes this is the wrong granularity: the corrections
needed are local and often opposite—sharpen this
onset, smooth that texture—so a terminal scalar
both hides where the error lies and lets competing
axes cancel through one advantage value.

We argue that multi-axis V2A alignment needs
supervision that is dense, axis-specific, and applied
on the trajectory the model actually follows. We
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present MosaicAudio, which turns each axis into a
specialist teacher and consolidates the teachers into
one student by on-policy distillation. Four flow-
matching teachers—semantic, temporal, aesthetic,
and spatial—are each aligned to one reward; the
student then samples its own denoising trajectories
and, at every visited state, receives a full teacher
velocity field as dense supervision, routed to a sin-
gle axis at a time so incompatible corrections are
not directly averaged together. Because teachers
and student share one latent space and sampler, this
guidance reduces to a tractable, timestep-weighted
velocity-field discrepancy usable as a dense on-
policy reward (Lu and Lab, 2025; Fang et al., 2026),
and a frozen perceptual anchor keeps the student on
a high-fidelity manifold. The name reflects the de-
sign: like a mosaic, each axis is reasoned about and
supervised as a separate tile, then fused into one
coherent scene by a single student that, at inference,
runs as an ordinary generator with no teachers or
reward models.

Our contributions are summarized as:

• We identify why aggregated scalar RL is mis-
matched to V2A’s coupled perceptual axes—it
is terminal, scalar, and applies a fixed trade-off—
and argue for dense, axis-routed, on-policy su-
pervision instead.

• We introduce MosaicAudio, which consolidates
semantic, temporal, aesthetic, and spatial special-
ists through multi-teacher on-policy distillation,
using axis-routed dense velocity rewards and a
perceptual manifold anchor to jointly address
reward sparsity, gradient interference, and audio-
quality collapse.

• On the in-domain VGGSound test set and the
out-of-domain AudioCanvas benchmark, Mo-
saicAudio improves over strong V2A baselines
across all four axes and in human ratings, with
the largest gains in complex multi-event scenes
where the axes most conflict.

2 Related Work

Video-to-Audio Generation. V2A generation
has evolved from reconstructive visual-to-audio
mappings to controllable multimodal genera-
tion. Diff-Foley (Luo et al., 2023) and V2A-
Mapper (Wang et al., 2024a) rely primarily on vi-
sual representations, while later work adds stronger
text, video, and audio-language conditioning (Mo
et al., 2024; Tian et al., 2025; Polyak et al., 2024;
Cheng et al., 2024a; Shan et al., 2025; Liu et al.,

2025b) and explicit foley control (Zhang et al.,
2024; Xing et al., 2024; Mei et al., 2024b; Xie et al.,
2024; Viertola et al., 2025). Most build on diffu-
sion, flow-matching, or autoregressive audio gener-
ators (Liu et al., 2023a; Copet et al., 2023; Liu et al.,
2024, 2025c, 2026c,a). These systems improve con-
trollability but typically operate as opaque genera-
tors, making it hard to diagnose which perceptual
objective failed. ThinkSound (Liu et al., 2025a)
introduces explicit CoT planning (Wei et al., 2022)
for V2A, improving interpretability and semantic
coherence, and PrismAudio (Liu et al., 2026b) pairs
a decomposed CoT plan with per-axis reward mod-
els to align the generator across multiple perceptual
objectives via reinforcement learning. MosaicAu-
dio builds on this decomposed-reasoning interface
but supervises each axis with a specialist teacher,
rather than aggregating per-axis rewards into a sin-
gle scalar advantage.

RL and Distillation for Generative Models. Re-
inforcement learning aligns generative models with
non-differentiable or preference objectives, from
RLHF for language models (Ouyang et al., 2022;
Rafailov et al., 2023; Shao et al., 2024; DeepSeek-
AI et al., 2025) to reward optimization for diffu-
sion and flow models (Black et al., 2023; Fan et al.,
2023; Wallace et al., 2024; Liu et al., 2025d; Xue
et al., 2025; Li et al., 2025). Built on flow match-
ing (Lipman et al., 2022), these methods are effec-
tive for a single target reward but become unstable
when heterogeneous objectives are mixed into one
scalar signal. On-policy distillation (OPD) (Lu and
Lab, 2025) instead trains the student on samples
from its own policy with dense teacher supervision,
mitigating distribution shift; it has recently been
formulated for flow-matching generators by turn-
ing a teacher’s velocity field into a dense trajectory-
level reward (Fang et al., 2026). We bring this
dense, on-policy paradigm to controllable V2A
generation, where a single output is aligned across
several coupled perceptual axes at once.

3 Method

3.1 Overview
MosaicAudio post-trains a single V2A generator
to satisfy all four perceptual axes at once, in three
parts (Figure 1). (i) A decomposed-CoT backbone
renders audio from video and a four-axis plan; we
build on PrismAudio (Liu et al., 2026b), a state-
of-the-art open-source V2A system, as this back-
bone (Section 3.2). (ii) We construct four specialist
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Figure 1: Overview of MosaicAudio, which replaces a terminal scalar reward with dense, per-axis, on-policy
velocity supervision. (1) Decompose the soundscape into Semantic, Temporal, Aesthetic, and Spatial CoT blocks
that condition the generator. (2) Specialize one flow-matching teacher per axis by single-reward alignment.
(3) Consolidate the teachers into one student by multi-teacher on-policy distillation: at each visited denoising state
the student receives a dense, axis-routed teacher velocity field as a velocity-KL reward, while a frozen perceptual
anchor preserves fidelity; a balanced scheduler activates one axis (S/T/A/P, labeled in stage 1) per mini-batch.
Teachers and reward models are used only in post-training; at inference the student alone maps video and plan to
stereo audio.

teachers, one per perceptual axis, by single-reward
alignment (Section 3.4). (iii) We consolidate them
into a single student by multi-teacher on-policy
distillation—dense, axis-routed velocity supervi-
sion on the student’s own trajectories, with a frozen
perceptual anchor (Sections 3.3–3.6). Our contribu-
tions are (ii)–(iii): per-axis specialist teachers and,
centrally, the routed dense distillation that turns
coupled perceptual axes into local velocity targets,
together with the perceptual anchor.

3.2 Base Generator and Perceptual
Decomposition

We build MosaicAudio on PrismAudio (Liu et al.,
2026b), a state-of-the-art open-source decomposed-
CoT V2A system, as our backbone; we summarize
it here. It is a flow-matching (Lipman et al., 2022)
diffusion transformer (Peebles and Xie, 2023; Liu
et al., 2023b) whose velocity field vθ(xt, t, c) at
latent state xt, timestep t, and condition c is trained
by supervised flow matching,

LFM = Et,x0,x1,c

[
∥vθ(xt, t, c)− (x1 − x0)∥22

]
,

(1)
with xt = (1 − t)x0 + tx1 on the optimal-
transport path. The condition c combines Video-
Prism (Zhao et al., 2024) video features with struc-
tured text from a four-axis CoT plan encoded by T5-
Gemma (Zhang et al., 2025). The plan decomposes
the soundscape into Semantic (visible events, ma-
terials, actions), Temporal (onsets, ordering, syn-
chronization), Aesthetic (fidelity, naturalness, pro-
duction quality), and Spatial (direction, distance,

motion) blocks generated by a multimodal plan-
ner (Comanici et al., 2025; Cheng et al., 2024b);
at inference the blocks are concatenated in a fixed
order (the annotation template is in Appendix B.1).
The latent x1 is decoded by a stereo autoencoder,
so it carries the inter-channel cues the spatial axis
depends on. Two properties make this backbone
a clean substrate for our method: the planner is
trained once and frozen, so post-training acts on
the generator vθ alone; and every teacher uses the
same full-plan interface, differing only in its active-
axis tag and reward used for alignment. Our contri-
bution lies entirely in the post-training procedure
below: per-axis teacher construction, routed dense
distillation, and a perceptual anchor.

3.3 From Scalar Rewards to Dense Routed
Supervision

The standard way to optimize the four axes is to
sum their scalar rewards and run policy-gradient
post-training. This is brittle for V2A because the
reward vector is not merely multi-objective; its
entries are measured at different perceptual lev-
els. CLAP may reward a correct event label even
when transients are late; an aesthetic score may
prefer smooth texture that masks impact sounds; a
stereo metric may improve localization while shift-
ing timbre. Compressing these observations into
one terminal advantage discards which part of the
trajectory should change.

The failure is also visible at the gradient level.
With a summed reward R =

∑
k λkRk, the four

axes share one advantage and one update direction;
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where two axes disagree, their gradients conflict
(⟨∇Ji,∇Jj⟩ < 0) and the optimizer is free to trade
one for another, with no signal that the sacrificed
axis got worse (Fang et al., 2026). Re-weighting λk

only moves the operating point along this trade-off;
it does not remove the coupling.

MosaicAudio avoids this scalar mixing by sepa-
rating two roles. Exploration stays on-policy: the
student samples its own latent trajectory and ex-
poses the states where it currently fails. Supervi-
sion becomes dense and routed: at each visited
state, one teacher provides a full velocity target for
a single axis. Each update then answers a local
question—“how should this state move to satisfy
this axis?”—rather than a global one—“was the
final waveform better under a mixed scalar?” This
matters for flow matching, where small intermedi-
ate errors accumulate into audible artifacts. The
goal is thus not to add another reward term, but
to raise the bandwidth (a full velocity field instead
of one number) and locality (per-axis, per-state
instead of terminal) of the signal the generator re-
ceives.

3.4 Specialist Teachers

We attach one reward function to each axis:
semantic alignment from MS-CLAP (Elizalde
et al., 2024), temporal synchrony from Synch-
former (Iashin et al., 2024), audio aesthetics from
Audiobox-Aesthetics (Tjandra et al., 2025), and
stereo accuracy from StereoCRW (Chen et al.,
2022). For each axis k we train one specialist
teacher vϕk

from the base with a single-reward,
windowed flow-GRPO objective (Shao et al., 2024;
Liu et al., 2025d) that confines stochastic explo-
ration to a random window of denoising steps for
efficiency (Li et al., 2025).

For each prompt, the old policy samples a group
of G audio candidates, and rewards are normalized
within the group:

Ai
k =

Rk(x
i
1, ck)− R̄k

sk + ϵ
, (2)

where R̄k, sk are the group mean/std of Rk (distinct
from the noise scale σt), and ck = (cfull, ek) is
the full four-block plan with an axis-k tag ek—
all teachers share the plan and differ only in this
tag. We optimize only a random windowW(ℓ) =
{ℓ, . . . , ℓ+w−1} of denoising steps and integrate
deterministically elsewhere. The teacher objective

is

Jk = E
[

1

Gw

G∑

i=1

∑

t∈W(ℓ)

min
(
ritA

i
k,

clip(rit, 1− ε, 1 + ε)Ai
k

)]
,

(3)
where rit = πϕk

(xit+∆t | xit, ck)/πϕold
k
(xit+∆t |

xit, ck) is the transition-level policy ratio. Restrict-
ing exploration to a window of width w ≪ T cuts
the policy-model evaluations per sample from T
to w, which is what makes training four teachers
affordable; the steps outside the window use the
deterministic ODE, preserving the terminal distri-
bution required for a valid reward. Each teacher
is initialized from the cold-start checkpoint, so the
four specialists and the student share one param-
eter space and differ only in the axis each was
driven toward. These specialists are intentionally
narrow: each exposes high-quality gradients for
one axis, even when that specialization is not glob-
ally balanced—a property we exploit in the next
step rather than deploy directly. Because all teach-
ers also share the student’s latent space and sampler,
each defines a comparable local transition that the
student can be supervised against.

3.5 Multi-Teacher On-Policy Distillation

The student integrates all specialists without col-
lapsing them into a scalar mixture: it explores on-
policy and is supervised densely, with the teacher–
student velocity discrepancy serving as a dense
on-policy reward, following on-policy distillation
for flow models (Lu and Lab, 2025; Fang et al.,
2026). We describe the four components in turn.

On-policy trajectory sampling. The current stu-
dent generates G stochastic trajectories under the
conditioning it will see at inference. Following the
SDE view of flow sampling (Liu et al., 2025d), a
transition inside the window W(ℓ) is a Gaussian
policy

πθ(xt+∆t | xt, c) = N
(
µθ(xt, t, c), σ

2
t∆tI

)
,
(4)

where µθ is set by the SDE drift parameterized
by vθ. We update the policy only through these
in-window transition log-probabilities and stop gra-
dients through the sampled states, so teachers are
queried exactly where the student currently goes—
supervision stays valid even as the student drifts
from the supervised distribution.
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Dimension routing. Because the four axes ap-
ply jointly to every clip rather than partitioning
prompts into disjoint tasks, routing by prompt is not
applicable here; instead a balanced cyclic scheduler
assigns each mini-batch to a single axis k, cycling
through all four. The routed teacher supplies a
target transition policy

πϕk
(xt+∆t | xt, ck) = N

(
µϕk

(xt, t, ck), σ
2
t∆tI

)
.

(5)
Each teacher adds its active-axis tag to the full plan
(ck); the student keeps the tag-free plan c it uses at
inference, so teacher differences come from reward
alignment, not the interface, and the student has
no train–test conditioning mismatch. Supervising
one axis at a time avoids averaging teacher fields,
which can cancel locally incompatible corrections—
e.g., a temporal teacher sharpening a transient that
an aesthetic teacher would smooth—while the bal-
anced schedule ensures every axis is revisited.

Dense KL score. We score a transition by its
student-to-teacher KL, DKL(πθ∥πϕk

), which di-
rectly penalizes the current student transition for
deviating from the routed teacher transition. Since
student and teacher share covariance, this KL re-
duces to a closed-form velocity-field distance. With
∆vk(xt, t) = vθ(xt, t, c)− vϕk

(xt, t, ck),

DKL (πθ∥πϕk
) =
∥µθ − µϕk

∥22
2σ2

t∆t

= w(t) ∥∆vk(xt, t)∥22 ,
(6)

and we take its negative as a dense, axis-specific
score,

st,k = −w(t) ∥∆vk(xt, t)∥22 . (7)

Under the Euler–Maruyama discretization of our
sampler, the weight is

w(t) =
∆t

2

(
σt(1− t)

2t
+

1

σt

)2

, (8)

so the signal is larger at timesteps where a veloc-
ity mismatch more strongly changes the transition.
To keep w(t) finite we clip t ∈ [τ, 1] (τ > 0)
and floor σt←max(σt, σmin), so neither 1/t nor
1/σt diverges. Unlike regressing to offline teacher
samples, this score corrects the student where it
actually visits.

Clipped on-policy objective. The dense score
st,k ≤ 0 is non-positive, so we do not use it di-
rectly: we center it within each prompt’s group of
G rollouts: with the group mean s̄tj =

1
G

∑
i stij ,

the advantage Âtij = stij − s̄tj removes the uni-
form negative offset and ranks the group’s trajec-
tories by teacher–student discrepancy. The student
then maximizes a clipped surrogate over sampled
states,

JOPD = E
[

1

BGw

B∑

j=1

G∑

i=1

∑

t∈W(ℓ)

min
(
ρtijÂtij ,

clip(ρtij , 1− ε, 1 + ε)Âtij

)]
,

(9)
where the policy ratio ρtij = πθ/πθold is closed-
form (shared-covariance Gaussians) and the clip
bounds each on-policy update; Appendix A gives
the ratio, the KL derivation, and the centered advan-
tage. The objective delivers local, full-dimensional
supervision from the routed specialist while keep-
ing on-policy exploration. Because the student con-
solidation sees only a velocity-field discrepancy,
heterogeneous raw reward scales do not enter this
update, and each step queries one teacher (plus the
anchor), so cost is linear in routed samples, not in
the teacher bank.

3.6 Perceptual Manifold Anchor
Functional specialists can over-optimize their met-
rics and erode naturalness—a velocity-field ana-
logue of reward hacking. We therefore keep a
frozen anchor teacher vϕa , initialized from the cold-
start base generator in all experiments, and regu-
larize the student toward its perceptual manifold
on all sampled states (not only the routed axis).
Anchoring to a frozen high-quality teacher rather
than a generic pretrained prior keeps the regular-
izer in the same conditioned velocity space as the
functional teachers, so the two terms are directly
comparable and reuse the same weight w(t). With
∆va(xt, t) = vθ(xt, t, c) − vϕa(xt, t, c), the full
objective is

Ltotal = −JOPD + λExt,t,c

[
w(t) ∥∆va(xt, t)∥22

]
.

(10)
The weight λ behaves as an elastic anchor: too
small and the functional teachers over-optimize
their proxies (Section 4.3), too large and the stu-
dent cannot move off the base. In summary, train-
ing proceeds in four stages: (1) instantiate a fixed
decomposed-CoT backbone following PrismAudio
as the cold start; (2) align four teachers from it, one
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per axis; (3) consolidate a student with the routed
dense-KL objective; and (4) regularize throughout
with the anchor. At inference no teacher is used:
a single student takes the video and concatenated
plan and generates stereo audio with the standard
flow sampler.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate in two regimes. In-
domain, we use the VGGSound (Chen et al., 2020)
test set, drawn from the same source distribution as
our cold-start training and CoT annotations. Out-
of-domain, we use AudioCanvas, the real-world
V2A benchmark introduced by the CoT-RL system
PrismAudio (Liu et al., 2026b): it contains curated
videos with strict off-screen-sound filtering, both
single- and multi-event scenes, and structured four-
axis CoT annotations. We use AudioCanvas strictly
for evaluation—none of its clips or their source
videos appear in our training or annotation data—
so it measures generalization beyond the training
distribution, which is where coupled-axis trade-offs
are most visible.

Metrics. We use both objective and subjective
metrics covering the four perceptual axes. For
objective evaluation, semantic consistency uses
CLAP (Elizalde et al., 2024); temporal alignment
uses DeSync from Synchformer (Iashin et al.,
2024) (lower is better); aesthetic quality uses the
Audiobox-Aesthetics scores (Tjandra et al., 2025),
including production quality (PQ) and content en-
joyment (CE); spatial accuracy uses GCC (Knapp
and Carter, 1976) and CRW (Chen et al., 2022) lo-
calization errors; and distributional similarity uses
FD (Kilgour et al., 2018) and KL (Copet et al.,
2023). For subjective evaluation, we run two 5-
point mean-opinion-score studies on randomized,
identity-hidden clips: MOS-Q rates standalone au-
dio fidelity and naturalness, while MOS-C rates
audio–video consistency in semantics, timing, and
stereo placement. We sample 80 videos per test set,
average ratings from multiple annotators, and re-
port mean and standard deviation; the full protocol
is in Appendix D.2.

Baselines. We compare with Frieren (Wang
et al., 2024b), V2A-Mapper (Wang et al., 2024a),
AudioX (Tian et al., 2025), HunyuanVideo-
Foley (Shan et al., 2025), MMAudio (Cheng et al.,
2024a), ThinkSound (Liu et al., 2025a), and the

CoT-RL system PrismAudio (Liu et al., 2026b),
which post-trains a decomposed-CoT generator
with multi-dimensional scalar rewards and is the
strongest RL-aligned baseline in our setting. Mo-
saicAudio w/o OPD denotes the CoT-aware cold-
start model before multi-teacher consolidation.

Implementation. The student and all specialist
teachers share one flow-transformer and a stereo
latent autoencoder; each teacher is initialized from
the cold-start model, trained on a single reward
axis, and frozen during consolidation. We sample
G=12 trajectories per prompt, confine stochastic
exploration to a window of w=3 steps within the
T=25-step sampler, clip the policy ratio at ε=0.2,
and weight the anchor at λ=0.5; the cyclic router
activates one axis per mini-batch. Full hyperparam-
eters are in Appendix B.

4.2 Main Results

Table 1 reports the headline metrics on both bench-
marks; the full objective and subjective metrics are
in Appendix C.1 (Tables 5 and 6).

In-domain results (VGGSound). (1) Mo-
saicAudio is the strongest generated model on
the reported axes. Against the prior CoT base-
line ThinkSound it improves semantics (CLAP
0.43→ 0.50), synchrony (DeSync 0.55→ 0.38),
aesthetics (CE 3.95 → 4.64), and stereo place-
ment (CRW 13.47→7.11). It also edges past the
strongest RL-aligned baseline, PrismAudio (CLAP
0.47→ 0.50, DeSync 0.41→ 0.38, CRW 7.72→
7.11, MOS-C 4.22→4.25), despite the two sharing
the same decomposed-CoT interface—so the gain
is attributable to the post-training rule, not the con-
ditioning. (2) The gain is driven by OPD, not the
backbone. The cold start (MosaicAudio w/o OPD)
is the pre-consolidation foundation; multi-teacher
OPD lifts it across the board (CLAP 0.42→0.50,
DeSync 0.51 → 0.38, CE 3.94 → 4.64, CRW
10.29→7.11, MOS-C 4.11→4.25), so the routed
dense supervision—not extra parameters—closes
the gap to and past scalar CoT-RL. (3) The im-
provement is free at inference. Teachers and re-
ward models are used only in post-training: the
deployed student is the same 518M-parameter gen-
erator running a single T=25-step pass, whereas
keeping the four teachers (or a reward model) in the
loop would multiply per-step cost by the number
of active models.
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Table 1: Key results on VGGSound (in-domain) and AudioCanvas (out-of-domain). MosaicAudio w/o OPD is the
shared decomposed-CoT backbone before any post-training—the same pre-RL cold-start that the scalar baseline
starts from. “-” marks a method we do not evaluate on that benchmark, or a mono baseline without a stereo channel
(CRW). Ground truth (GT) is shown for reference only: the automatic proxies are not calibrated upper bounds, so
post-training can exceed GT on the metrics it directly optimizes (CLAP, DeSync, Audiobox scores), while GT stays
highest on human MOS. Full metrics are in Appendix C.1.

VGGSound (in-domain) AudioCanvas (out-of-domain)

Method CLAP↑ DeSync↓ CE↑ CRW↓ MOS-C↑ CLAP↑ DeSync↓ CE↑ CRW↓ MOS-C↑

Ground truth 0.46 0.55 4.40 - 4.65 0.48 0.40 4.02 - 4.72

Frieren 0.32 0.85 3.57 - 3.51 - - - - -
V2A-Mapper 0.31 1.23 4.12 - 3.44 - - - - -
AudioX 0.41 1.24 3.86 19.25 3.65 - - - - -
HunyuanVideo-Foley 0.42 0.55 3.92 - 3.96 0.44 0.47 4.04 - 3.71
MMAudio 0.40 0.46 3.88 - 4.03 0.46 0.43 3.97 - 3.87
ThinkSound 0.43 0.55 3.95 13.47 4.18 0.48 0.80 4.10 22.82 3.80
PrismAudio 0.47 0.41 4.29 7.72 4.22 0.52 0.36 4.26 12.87 4.01

MosaicAudio w/o OPD 0.42 0.51 3.94 10.29 4.11 0.42 0.44 3.81 15.30 3.85
MosaicAudio 0.50 0.38 4.64 7.11 4.25 0.55 0.35 4.36 12.20 4.13

Table 2: Specialist analysis on AudioCanvas (cold start in Tables 1 and 3). (a) teachers vs. the unified student;
teacher values follow the published single-reward results of PrismAudio (Liu et al., 2026b), and the best per column
is in bold. (b) leave-one-teacher-out, dropped axis underlined.

(a) Teachers vs. unified student

Model CLAP↑ DeSync↓ PQ↑ CRW↓ FD↓

Semantic T. 0.54 0.58 6.62 11.89 1.84
Temporal T. 0.46 0.35 6.39 13.08 1.88
Aesthetic T. 0.46 0.42 7.06 13.51 4.50
Spatial T. 0.47 0.42 6.44 11.88 1.77

MosaicAudio 0.55 0.35 6.75 12.20 1.85

(b) Leave-one-teacher-out

Router CLAP↑ DeSync↓ PQ↑ CRW↓ FD↓

−Semantic 0.50 0.36 6.73 12.35 1.88
−Temporal 0.54 0.42 6.72 12.45 1.90
−Aesthetic 0.54 0.36 6.50 12.40 1.92
−Spatial 0.54 0.36 6.73 13.60 1.95

MosaicAudio (all) 0.55 0.35 6.75 12.20 1.85

Out-of-domain results (AudioCanvas). (1) Mo-
saicAudio generalizes to complex scenes. On
the harder AudioCanvas the cold start sits well be-
low PrismAudio, yet with no retuning OPD closes
the gap and ends slightly ahead on every axis
(CLAP 0.52→ 0.55, DeSync 0.36→ 0.35, CRW
12.87→12.20, MOS-C 4.01→4.13), so the teach-
ers transfer a general per-axis correction rather than
a benchmark-specific shortcut. (2) Gains concen-
trate where the cold start is weakest. Timing and
spatial recover most (DeSync 0.44→ 0.35, CRW
15.30→ 12.20), as dense per-state guidance best
repairs such cues at intermediate denoising steps
rather than only at the final waveform.

4.3 Analysis

Are specialist teachers complementary?
Panel (a) of Table 2 reports the published
single-axis specialist references from PrismAu-
dio (Liu et al., 2026b) and the distilled student
on AudioCanvas. Each specialist is strongest or
near-strongest on its target metric but regresses
on another: the semantic teacher reaches CLAP
0.54 (vs. 0.55 for MosaicAudio) yet has the worst
synchrony (DeSync 0.58), and the aesthetic teacher

tops PQ (7.06) yet more than doubles FD (4.50
vs. 1.85 for MosaicAudio). MosaicAudio is not a
teacher average; it is a routed consolidation that
stays close to each specialist on that specialist’s
metric while avoiding the off-axis regressions they
incur, so among the models compared here it alone
is strong on all axes at once.

Is every axis necessary? Panel (b) removes one
teacher at a time and re-runs consolidation; the
dropped axis then receives no routed supervision
(the router cycles over the remaining three). Each
removal degrades its own axis the most—semantic
CLAP falls to 0.50, temporal DeSync to 0.42, aes-
thetic PQ to 6.50, and spatial CRW to 13.60—while
the other three axes move only marginally. No
teacher is redundant, and the off-axis stability is
itself evidence that routing isolates each correction
instead of letting it leak across axes.

Ablating the consolidation design. Table 3 ab-
lates our post-training rule; all variants start from
the same cold start and the same four axis rewards.
Scalar multi-reward RL—summing the rewards
and running flow-GRPO, the prior scalar CoT-RL
recipe—is already strong (on par with that competi-
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Table 3: Ablating the post-training rule on AudioCanvas;
all variants share the cold start and four axis rewards,
and each lower-block row toggles one design choice of
MosaicAudio. Bold = best per column; the w/o-anchor
PQ is a reward-hacking artifact (note its FD).

Post-training CLAP↑ DeSync↓ PQ↑ CRW↓ FD↓

Cold start (no PT) 0.42 0.44 6.45 15.30 2.10
Scalar multi-reward RL 0.52 0.36 6.68 12.87 1.92

Offline distillation 0.52 0.37 6.70 12.60 1.95
OPD, teacher average 0.51 0.38 6.72 12.50 2.05
OPD, routed, w/o anchor 0.50 0.39 7.00 13.10 3.50
MosaicAudio (full) 0.55 0.35 6.75 12.20 1.85

tor on this set), but the seesaw between axes caps
it below the full model. The lower block keeps
the multi-teacher OPD setup and removes one de-
sign choice at a time: offline distillation (regressing
to teacher samples instead of sampling on-policy)
trails the full model because the student is corrected
where the teacher data lies, not where it actually
drifts; a teacher average improves over the cold
start but trails hard routing, most on FD (2.05 vs.
1.85), since blending the four velocity fields dilutes
locally incompatible corrections; and removing the
anchor triggers reward hacking—PQ rises while
FD collapses to 3.50. Only the full configuration—
on-policy, hard-routed, and anchored—attains the
best functional scores without the FD collapse, so
each design choice is necessary.

Routing schedule. The balanced cyclic router
visits each axis equally often, one axis per mini-
batch. Two alternatives are worse on AudioCanvas.
Random per-batch routing under the same teacher
budget slightly destabilizes the under-visited axes
(DeSync 0.35→0.37, CRW 12.20→12.45), since
within a short window some axes may go unsu-
pervised, and the uniform teacher average (Ta-
ble 3) trails further still (DeSync 0.38, CRW 12.50).
Equal cyclic coverage is thus a simple and effective
default.

Scene complexity. We split AudioCanvas into
multi- and single-event subsets. The OPD mar-
gin is larger in multi-event scenes, where sev-
eral constraints apply at once: against PrismAu-
dio, MosaicAudio improves on every axis (e.g.,
CLAP 0.50→ 0.53, DeSync 0.39→ 0.37, CRW
13.50 → 12.60), whereas the single-event gains,
though consistent, are smaller. This mirrors our mo-
tivation: dense routed supervision helps most when
several coupled axes need correcting together.

Consistent improvement across axes. Figure 2
plots the relative change from the cold start to Mo-
saicAudio on AudioCanvas: every axis improves

Consistent gains over the cold-start student on AudioCanvas

% gain
0 10 20 30 40

Semantic CLAP +31.0

Temporal DeSync 20.5 lower

Aesthetic CE +14.4

Spatial CRW 20.3 lower

Figure 2: Relative improvement of MosaicAudio over
its cold start (MosaicAudio w/o OPD) on AudioCan-
vas, by perceptual axis—semantic (CLAP), temporal
(DeSync), aesthetic (CE), spatial (CRW). Each bar is
the relative gain; for the DeSync and CRW error met-
rics it is the percentage reduction (so larger is better
for all four). All four axes improve and none regresses.
Absolute values are in Table 1.

and none regresses. This is the intended behavior
of multi-teacher OPD—it absorbs each specialist’s
correction without inheriting any one specialist’s
failure mode, in contrast to panel (a) of Table 2,
where every single-axis teacher degrades at least
one other metric.

Cross-domain generalization. The same routed
teachers and student are used on both benchmarks
with no per-benchmark tuning, yet the relative gain
of OPD over the cold start persists across the dis-
tribution shift—CLAP rises 19% in-domain versus
31% on AudioCanvas, and CRW drops 31% versus
20%. The routed teachers thus encode a transfer-
able per-axis correction rather than a benchmark-
specific shortcut.

Human-study reliability. The subjective scores
agree with the automatic metrics but emphasize
a different aspect. The MOS-Q gap is modest
(4.21 → 4.28 on VGGSound; full scores in Ta-
bles 5, 6), as most recent models already produce
plausible standalone audio. The MOS-C gap is
larger and widens out of domain (4.22→ 4.25 in-
domain, 4.01→ 4.13 on AudioCanvas), because
raters judge the audio together with the video and
notice event-identity, timing, and stereo-placement
errors. We therefore read MOS-C as the primary
subjective signal for controllable V2A alignment.

5 Conclusion

We presented MosaicAudio, which treats multi-
axis V2A alignment as a supervision-granularity
problem: because the perceptual axes are judged
on one waveform and conflict at fine acoustic scale,
a terminal scalar reward cannot localize failures
and lets axes cancel through a single advantage.
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MosaicAudio instead trains one specialist teacher
per axis and consolidates them into a single student
by on-policy distillation—dense, axis-routed veloc-
ity supervision on the student’s own trajectories,
under a perceptual anchor that preserves fidelity.
Across VGGSound and AudioCanvas it improves
over strong V2A baselines on all four axes.

Limitations

MosaicAudio depends on the quality and architec-
tural compatibility of its specialist teachers. If a
teacher learns a proxy-reward shortcut or fails on a
rare event, dense supervision can transfer that error
to the student. The current framework also uses
fixed perceptual dimensions and a balanced routing
schedule; future work should learn adaptive routing
from scene complexity and listener intent. Overlap-
ping events, weak visual onsets, off-screen sources,
and ambiguous motion can still produce semantic,
temporal, or spatial errors (Appendix D.3). Finally,
the AudioCanvas evaluation set broadens out-of-
domain coverage but cannot span all real-world
acoustic environments, languages, cultures, and
production styles.

Ethics Statement

V2A generation can support media accessibility,
film post-production, education, and assistive con-
tent creation. It can also be misused to fabricate
convincing audio for silent videos or to alter the
perceived context of real footage. We recommend
provenance tracking, watermarking, and disclosure
when generated audio is used in public media. Be-
cause reward models and training data may encode
cultural and acoustic biases, deployments should
evaluate performance across diverse scenes, envi-
ronments, and user groups.
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A On-Policy Distillation: Derivation and
Stability

Transition policy and ratio. Following the SDE
view of flow sampling (Liu et al., 2025d), and
using the same transition parameterization as
Flow-GRPO/Flow-OPD (Fang et al., 2026), the
probability-flow ODE is paired with an equiva-
lent SDE dxt = µSDE dt + σt dw whose drift is
µSDE = vθ +

σ2
t
2t (xt + (1 − t)vθ) (omitting the

arguments of vθ). An Euler–Maruyama step over
∆t yields a Gaussian transition policy

πθ(xt+∆t | xt, c) = N
(
µθ, σ

2
t∆t I

)
, (11)

with mean µθ = xt + µSDE∆t. As the old and
current policies share the covariance σ2

t∆t I , the
policy ratio is closed-form:

ρt(θ) =
πθ(xt+∆t | xt, c)
πθold(xt+∆t | xt, c)

= exp
{
− ∥xt+∆t − µθ∥22 − ∥xt+∆t − µθold∥22

2σ2
t∆t

}
.

(12)

Student-to-teacher KL as a velocity distance.
For the routed teacher ϕk, the policy πϕk

=
N (µϕk

, σ2
t∆t I) shares the covariance, so the

student-to-teacher KL is a mean distance:

DKL

(
πθ ∥πϕk

)
=
∥µθ − µϕk

∥22
2σ2

t∆t
. (13)

Since the drift is affine in v, the state term xt can-
cels in µθ − µϕk

, leaving

µθ − µϕk
= ∆t

(
1 +

σ2
t (1−t)
2t

)
∆vk, (14)

with ∆vk = vθ(xt, t, c)− vϕk
(xt, t, ck). Substitut-

ing and factoring 1/σt gives the timestep weight of
the main text,

DKL

(
πθ ∥πϕk

)
= ∆t

2

(
σt(1−t)

2t + 1
σt

)2

︸ ︷︷ ︸
w(t)

∥∆vk∥22.

(15)
We use the student-to-teacher orientation because
it directly scores how far the current student transi-
tion deviates from the routed teacher; under shared
covariance this is simply a local, quadratic velocity-
matching target. The two KL directions coincide
in this mean-distance form, so we make no mode-
seeking or mode-covering claim.

Note the deliberate conditioning asymmetry in
∆vk: the student velocity vθ(xt, t, c) uses the tag-
free plan c, which is exactly its inference-time in-
put, whereas the teacher vϕk

(xt, t, ck) uses the axis-
tagged ck. The student is thus trained and deployed

under identical tag-free conditioning—there is no
train–test mismatch—and the target distills each
teacher’s axis-k behavior into that single tag-free
student. The tag enters only on the teacher side,
where it selects which axis-aligned velocity field
serves as the local target, and is never required at
inference.

Dense score, centered advantage, and stability.
The per-step score st = −w(t)∥∆vk∥22 ≤ 0 is
non-positive, so used directly it would discourage
every sampled transition. We therefore subtract the
per-timestep mean over the G rollouts of the same
prompt, s̄t = 1

G

∑G
i=1 s

(i)
t , and use the centered

advantage Â
(i)
t = s

(i)
t − s̄t in the surrogate. This

removes the uniform negative offset and ranks sam-
pled transitions within the group: transitions with
smaller-than-average teacher–student discrepancy
receive positive advantage and are reinforced. Gra-
dients are stopped through the sampled states xt, so
the update is a policy gradient over transition log-
probabilities rather than backpropagation through
the sampler, and the PPO clip on ρt bounds each
step.

B Implementation and Training Details

Architecture and data. MosaicAudio uses one
student and four specialist teachers that share a
flow-transformer backbone, a stereo latent audio
autoencoder, and the conditioning interface of Sec-
tion 3.2. The audio backbone is first pretrained
for text-conditioned audio generation on standard
audio–text corpora (AudioCaps (Kim et al., 2019),
WavCaps (Mei et al., 2024a)) together with VG-
GSound (Chen et al., 2020), and then given a
CoT-aware cold start on VGGSound (≈190k video–
audio clips) paired with four-axis CoT annotations
produced by Gemini 2.5 Pro (Comanici et al., 2025)
and a fine-tuned VideoLLaMA2 (Cheng et al.,
2024b) planner. The planner is trained once and
then frozen for all later stages, so teacher and stu-
dent updates act only on the generator vθ; the latent
autoencoder is likewise frozen.

Reward models. The four axes use fixed, pub-
licly available reward models, applied only during
post-training: MS-CLAP (Elizalde et al., 2024) for
semantic alignment, Synchformer (Iashin et al.,
2024) for temporal synchrony, Meta Audiobox-
Aesthetics (Tjandra et al., 2025) for aesthetic qual-
ity, and StereoCRW (Chen et al., 2022) for stereo
accuracy. We use the official released checkpoints
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and do not fine-tune them.

Teacher and student optimization. Each
teacher is initialized from the cold-start checkpoint
and trained on a single reward with the windowed
flow-GRPO objective; within each group of G
rollouts the reward is normalized by its z-score
before computing the advantage. The student
is then consolidated by OPD from the same
checkpoint: a balanced cyclic router assigns
exactly one axis to each mini-batch, the student
samples stochastic trajectories inside a random
denoising window and integrates deterministically
elsewhere, and the frozen anchor is applied on
all sampled states. The teacher bank and anchor
are frozen throughout, so neither adds inference
cost. Table 4 lists the hyperparameters used for all
reported numbers. Timesteps are clipped to the
sampler’s nonzero range t ∈ [τ, 1] when evaluating
the KL weight.

The scalar multi-reward RL comparison (Ta-
ble 3) is a strict control: it starts from the same cold-
start checkpoint, uses the same four reward models,
the same group size G, rollout budget, update-step
count, and learning-rate schedule as MosaicAudio,
and received comparable tuning effort. The two dif-
fer only in the post-training rule—summed-scalar
flow-GRPO versus routed multi-teacher OPD—so
the gap between them isolates the effect of dense
routed supervision rather than budget or reward
differences.

Table 4: Post-training hyperparameters (teachers and
student).

Setting Value

Optimizer AdamW (β1=0.9, β2=0.999)
Learning rate 1× 10−5 (cosine decay)
Weight decay 0.01
Prompts per step 16
Group size G 12
Sampler steps T 25
SDE window width w 3
SDE noise level 0.7
PPO clip ε 0.2
Anchor weight λ 0.5
Teacher steps (per axis) 3,000
OPD consolidation steps 5,000
Reward normalization per-group z-score
CFG dropout (per modality) 0.1
Hardware 8×A800 (80 GB)

The SDE noise level controls the stochasticity in-
jected inside the sampled denoising window, while
CFG dropout is the classifier-free guidance dropout
applied to each conditioning modality during post-
training.

Model size and computational budget. All re-
ported variants share the same backbone: the stu-
dent generator vθ has 518M parameters and is the
only network used at inference. Each of the four
specialist teachers has the same 518M-parameter
architecture (initialized from the cold start) and
is discarded after consolidation, so the deployed
model is a single 518M-parameter flow generator
regardless of how many teachers were trained; the
frozen latent autoencoder, the frozen multimodal
planner, and the four reward models are not up-
dated and are not part of the released generator.
All post-training is run on one node of 8×A800
(80 GB) GPUs. Training the four specialist teach-
ers (3,000 steps each) and the OPD consolidation
(5,000 steps) together take about five days of wall-
clock time on this 8×A800 node (≈ 960 A800
GPU-hours in total); each single-axis teacher run
is cheaper per step than the consolidation because
it queries only one reward model. The CoT-aware
cold start is trained once and reused across all post-
training variants, so it is not repeated per variant.
Inference for a 9-second stereo clip is a single
T=25-step pass that takes ≈0.6 s on one A800—
identical to the cold-start generator and to the scalar
CoT-RL baseline we post-train, since the deployed
architecture and step count are unchanged.

B.1 CoT Annotation Template

We use a fixed four-block annotation format for
training the multimodal planner. The prompt asks
the annotator model to ignore invisible or off-
screen sound sources and to describe only sounds
supported by visible evidence:

Semantic: list visible sound-producing events,
objects, and acoustic materials.
Temporal: describe event order, onset timing, du-
ration, and synchronization cues.
Aesthetic: describe desired fidelity, naturalness,
loudness balance, and production quality.
Spatial: describe left-right location, distance, mo-
tion, and stereo movement.

The four blocks are kept separate during planner
training and concatenated in the same order, with
explicit section markers preserved, when used to
condition the generator.

C Additional Quantitative Results

C.1 Full Main Results

Tables 5 and 6 provide the full metric set corre-
sponding to the compact main-text tables.
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Table 5: Full VGGSound results.

Method Params Semantic Temporal Aesthetic Quality Spatial Distribution Subjective
CLAP↑ DeSync↓ PQ↑ PC↓ CE↑ CU↑ GCC↓ CRW↓ FD↓ KL↓ MOS-Q↑ MOS-C↑

ThinkSound 1.3B 0.43 0.55 6.15 3.53 3.95 5.48 4.65 13.47 1.17 1.35 4.05±0.55 4.18±0.51
PrismAudio 518M 0.47 0.41 6.38 3.24 4.29 5.68 3.77 7.72 1.08 1.23 4.21±0.35 4.22±0.29
MosaicAudio w/o OPD 518M 0.42 0.51 6.17 3.32 3.94 5.48 4.06 10.29 1.14 1.43 4.02±0.48 4.11±0.42
MosaicAudio 518M 0.50 0.38 6.55 3.18 4.64 5.88 3.60 7.11 1.02 1.18 4.28±0.32 4.25±0.27

Table 6: Full AudioCanvas results.

Method Semantic Temporal Aesthetic Quality Spatial Distribution Subjective
CLAP↑ DeSync↓ PQ↑ PC↓ CE↑ CU↑ GCC↓ CRW↓ FD↓ KL↓ MOS-Q↑ MOS-C↑

ThinkSound 0.48 0.80 6.48 3.50 4.10 5.94 4.43 22.82 1.95 2.54 3.79±0.58 3.80±0.54
PrismAudio 0.52 0.36 6.68 2.82 4.26 6.15 3.50 12.87 1.92 1.53 4.12±0.28 4.01±0.25
MosaicAudio w/o OPD 0.42 0.44 6.45 3.22 3.81 5.87 4.11 15.30 2.10 2.17 3.91±0.35 3.85±0.31
MosaicAudio 0.55 0.35 6.75 2.78 4.36 6.22 3.38 12.20 1.85 1.45 4.18±0.26 4.13±0.23

Table 7: Full-metric anchor ablation on AudioCanvas (cf. Table 3).

Method Semantic Temporal Aesthetic Quality Spatial Distribution
CLAP↑ DeSync↓ PQ↑ PC↓ CE↑ CU↑ GCC↓ CRW↓ FD↓ KL↓

MosaicAudio w/o anchor 0.50 0.39 7.00 3.05 4.40 5.95 4.05 13.10 3.50 1.80
MosaicAudio 0.55 0.35 6.75 2.78 4.36 6.22 3.38 12.20 1.85 1.45

C.2 Anchor Ablation

Table 7 expands the anchor ablation from Table 3
to the full metric set. Removing the anchor im-
proves the optimized aesthetic proxies but hurts
distributional fidelity and spatial stability, which is
the reward-hacking pattern the anchor is designed
to prevent.

C.3 Routing, Anchor Frequency, and Scene
Complexity

Table 8 expands the selected routing and scene-
complexity values from Section 4.3. Under the
same teacher budget, cyclic routing improves all
four target metrics and held-out FD over random
routing. The complexity breakdown shows con-
sistent gains in both subsets, with larger absolute
improvements in the multi-event subset on CLAP,
DeSync, and CRW. Table 9 keeps hard routing
fixed while changing only how often the anchor
is applied: reducing the anchor to 25% of updates
degrades CLAP, DeSync, and FD, while remov-
ing it produces the clearest FD collapse. Together
with the anchor-fixed teacher-average comparison
in Table 3, these controls support complementary
roles: routing improves consolidation under a fixed
anchor, while sufficiently frequent anchoring pre-
serves distributional quality.

C.4 Cross-Backbone Transfer

Table 10 applies the same specialist-to-student
recipe to the architecturally different MMAudio-L-
44.1kHz backbone using its native interface. The
model is mono, so the experiment uses only the
semantic, temporal, and aesthetic teachers and ex-
cludes the spatial axis. Improvements on CLAP,
DeSync, CE, and held-out FD on both benchmarks
provide evidence that the recipe is not specific to
the PrismAudio backbone, while the scope remains
limited to the two evaluated architectures and the
applicable axes.

C.5 Statistical Reporting

For the human studies (MOS-Q, MOS-C) we report
the mean and standard deviation over clips and
raters; these are the ± values in Tables 5 and 6.
Objective metrics are computed once per system
with deterministic ODE decoding from a fixed post-
trained checkpoint and a fixed evaluation seed, so
each objective number is a single deterministic run
rather than a max or an average over runs.

Significance testing protocol. Beyond means
and standard deviations, we assess whether the
MOS improvements over the strongest baseline are
statistically reliable rather than rating noise. For
each benchmark we form per-clip mean opinion
scores (averaged over raters) on the 80 evaluated
clips and compare MosaicAudio against PrismAu-
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Table 8: Expanded analysis on AudioCanvas. (a) Routing schedules under the same teacher budget. (b) Breakdown
by scene complexity. FD is not used as a training reward.

(a) Routing schedule

Router CLAP↑ DeSync↓ PQ↑ CRW↓ FD↓

Random 0.53 0.37 6.71 12.45 1.91
Cyclic 0.55 0.35 6.75 12.20 1.85

(b) Scene complexity

Subset Method CLAP↑ DeSync↓ CE↑ CRW↓ FD↓

Multi PrismAudio 0.50 0.39 4.18 13.50 2.00
MosaicAudio 0.53 0.37 4.31 12.60 1.91

Single PrismAudio 0.54 0.34 4.31 12.20 1.86
MosaicAudio 0.56 0.33 4.39 11.95 1.82

Table 9: Separating routing and anchoring on AudioCan-
vas. All rows use hard cyclic routing; anchor frequency
is the fraction of consolidation updates on which the
frozen anchor is applied.

Anchor frequency CLAP↑ DeSync↓ FD↓
0% 0.50 0.39 3.50
25% 0.53 0.37 2.28
100% 0.55 0.35 1.85

Table 10: Three-axis transfer to the mono 1.03B
MMAudio-L-44.1kHz backbone. This experiment eval-
uates semantic, temporal, and aesthetic transfer only
and makes no claim about spatial transfer.

Benchmark Method CLAP↑ DeSync↓ CE↑ FD↓

VGGSound MMAudio 0.40 0.46 3.88 2.17
+ routed consolidation 0.46 0.40 4.25 1.82

AudioCanvas MMAudio 0.46 0.43 3.97 3.59
+ routed consolidation 0.50 0.39 4.18 2.68

dio with a two-sided Wilcoxon signed-rank test on
the paired per-clip scores, together with a paired
bootstrap (10,000 resamples over clips) for a 95%
confidence interval on the mean per-clip difference.
For MOS-C, the paired tests give p=0.041 on VG-
GSound and p<0.001 on AudioCanvas. MOS-C
measures joint audio–video consistency and should
not be read as four separate axis-wise subjective
tests.

D Evaluation Details

D.1 Objective Metrics

CLAP measures semantic consistency between gen-
erated audio and text descriptions. DeSync is com-
puted with a pretrained audio-visual synchroniza-
tion model; lower values indicate better temporal
alignment. PQ, PC, CE, and CU are the four out-
puts of the audio-aesthetic evaluator, where lower
PC indicates less unnecessary production complex-
ity and higher values are better for the other three
scores. GCC and CRW measure stereo localization
error. FD and KL measure distributional similar-
ity between generated and reference audio. All
metrics use official released checkpoints with de-
fault settings and no fine-tuning: semantic align-
ment uses the MS-CLAP audio–text model; tem-

poral alignment uses the DeSync head of Synch-
former; aesthetic scores are the four outputs of
Meta Audiobox-Aesthetics; spatial accuracy uses
GCC-PHAT and the StereoCRW cross-correlation
localization error; and FD/KL are computed against
the reference audio with the standard feature extrac-
tor used by prior V2A work. Audio is resampled
to each model’s expected sample rate and clips are
loudness-normalized before scoring; every system
is evaluated with an identical pipeline and seed.

The four reward models (MS-CLAP, Synch-
former, Audiobox-Aesthetics, StereoCRW) are
also reported as the on-axis metrics they optimize,
so improvements on CLAP, DeSync, the Audiobox
scores, and CRW partly reflect direct optimization.
We therefore additionally report FD, KL, GCC, and
the two human studies (MOS-Q, MOS-C), none
of which is used as a training reward, as held-out
checks: a policy that merely games a reward model
would gain on that reward’s metric while degrading
these. The anchor ablation (Table 7) is exactly this
diagnostic—removing the anchor raises the opti-
mized aesthetic scores yet collapses the held-out
FD. Crucially, the held-out metrics move in the
same direction as the rewards: from the cold start
to MosaicAudio on AudioCanvas, FD improves
2.10→ 1.85, KL 2.17→ 1.45, and GCC (a spa-
tial metric distinct from the StereoCRW reward)
4.11→3.38 (Tables 6, 7). Because none of these is
a training reward, their consistent improvement in-
dicates the gains are not solely reward exploitation.

Baseline conditioning. Each baseline is evalu-
ated with its native conditioning on the same in-
put video: the CoT-aware systems (ThinkSound,
PrismAudio, MosaicAudio) receive the four-axis
CoT plan, while systems that do not accept
a structured plan (Frieren, V2A-Mapper, Au-
dioX, HunyuanVideo-Foley, MMAudio) receive
the text/video conditioning they were designed for.
We neither withhold information from non-CoT
models nor feed them inputs they cannot consume;
every system sees the same video, and every CoT-
capable system sees the same plan, so the compari-
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son reflects each model’s intended operating mode
rather than an input handicap.

D.2 Human Evaluation Protocol
For each test set (VGGSound and AudioCanvas)
we randomly sample 80 videos and render the 9-
second output of every system. The study uses
12 unique annotators; each item receives three rat-
ings, and each annotator rates multiple random-
ized items. Clips are loudness-normalized, pre-
sented with method identities hidden, and judged
using headphones; calibration examples familiar-
ize raters with the scale before the study. We run
two independent 5-point studies: MOS-Q (audio
only) rates standalone fidelity and naturalness, and
MOS-C (audio with video) rates audio–video con-
sistency in semantics, timing, and stereo place-
ment. Each integer point carries a written anchor
(1 = bad/mismatched, 3 = acceptable, 5 = excel-
lent/perfectly matched). Ordinal Krippendorff’s α
is 0.61 for MOS-Q and 0.66 for MOS-C. We re-
port the mean and standard deviation over clips and
raters in Tables 5 and 6; the MOS-Q gap between
systems is smaller than the MOS-C gap, consis-
tent with most systems already producing plausible
standalone audio.

Instructions given to raters. Each rater first
reads a short briefing and three calibration exam-
ples per anchor level. The MOS-Q instruction is:

“Listen to the audio clip on headphones. Rate its
standalone quality from 1 to 5, considering clarity,
fidelity, absence of artifacts, and how natural it
sounds (1 = bad/heavily degraded, 3 = acceptable,
5 = excellent). Judge only the audio; do not penal-
ize it for matching or not matching any video.” The
MOS-C instruction is: “Watch the video with this
audio track. Rate from 1 to 5 how well the audio
matches the video in (i) what is making sound, (ii)
when the sounds happen, and (iii) where they are
placed left-to-right (1 = clearly mismatched, 3 =
acceptable, 5 = perfectly matched).” Raters may
replay each item up to three times and rate at their
own pace. The briefing also states that the clips are
synthetic audio generated by research models, that
the stimuli were selected to focus on non-speech
sound effects and to avoid graphic content, and
that participation is voluntary and may be stopped
at any time without penalty; no audio is recorded
from or about the raters.

Recruitment and payment. Raters were adult
volunteers from an internal listener pool, including

both audio-trained and general listeners to capture
diverse perspectives, all reporting normal hearing.
They were compensated for their time at a rate
above the local minimum wage. Participation was
voluntary: before starting, raters were told what
the task involved, that the stimuli are synthetic
non-speech audio, and that their ratings would be
used only in aggregate (as mean-opinion scores)
in this paper, and they could stop at any time. We
recorded only the numerical ratings and no personal
information about the raters.

D.3 Failure Modes and Scope

The method does not eliminate failures inherited
from the planner, specialist rewards, or visual evi-
dence. Three settings remain particularly challeng-
ing. First, densely overlapping events with weak
or ambiguous visual onsets can yield the correct
sound categories but imperfect ordering or tran-
sient timing. Second, off-screen or only partly
visible sources create an identification ambiguity:
suppressing them may omit contextually plausi-
ble sound, while retaining them risks hallucina-
tion. Third, fast source motion and visually am-
biguous depth provide limited evidence for stereo
placement, so spatial corrections may remain un-
stable even when semantic content is correct. Rare
acoustic materials can also expose reward-model
shortcuts that the anchor only mitigates rather than
removes. These are mechanism-based failure cate-
gories rather than a claim of exhaustive coverage;
broader evaluation across event density, source vis-
ibility, and recording style remains necessary.

E Scientific Artifacts, Data, and
Documentation

Artifacts we use. MosaicAudio builds on a num-
ber of existing artifacts, all cited where first used
in Section 4.1 and Appendix B: the VGGSound
dataset (Chen et al., 2020) for cold-start train-
ing and in-domain evaluation; the AudioCanvas
benchmark for out-of-domain evaluation, intro-
duced by the prior CoT-RL system PrismAu-
dio (Liu et al., 2026b); the VideoLLaMA2 plan-
ner (Cheng et al., 2024b) and Gemini 2.5 Pro (Co-
manici et al., 2025) for CoT annotation; and four
fixed reward models—MS-CLAP (Elizalde et al.,
2024), Synchformer (Iashin et al., 2024), Meta
Audiobox-Aesthetics (Tjandra et al., 2025), and
StereoCRW (Chen et al., 2022)—together with the
GCC (Knapp and Carter, 1976), FD (Kilgour et al.,
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2018), and KL (Copet et al., 2023) evaluation met-
rics. The artifact we create is the MosaicAudio
system itself (one 518M-parameter student genera-
tor plus the training recipe).

Licenses and terms of use. The encoders, plan-
ner, and reward/evaluation models we use are
publicly released under open-source or research-
oriented licenses; Gemini 2.5 Pro is accessed
through its public API under the provider’s terms
of service. We use every artifact unmodified (of-
ficial released checkpoints, no fine-tuning of the
reward models) and only for non-commercial aca-
demic research, following their documented terms.
VGGSound is distributed for research use as links
to publicly available videos; AudioCanvas is like-
wise a research-only benchmark distributed under
controlled access (Liu et al., 2026b). If the Mo-
saicAudio code or student checkpoint is distributed,
each artifact will carry an explicit, widely used
standard license compatible with its third-party de-
pendencies, together with usage guidelines and de-
pendency notices. The intended scope is research
use, consistent with the access conditions of the
cold-start data and CoT annotations.

Intended use. Our use of each existing artifact
matches its intended purpose: the datasets are used
for V2A training/evaluation, the planner and Gem-
ini for caption/CoT generation, and the reward mod-
els for the perceptual measurements they were built
to provide. The created MosaicAudio system is
intended for research on controllable V2A genera-
tion.

Personally identifying information and offen-
sive content. Our released demos and human-
evaluation stimuli focus on non-speech sound ef-
fects, which reduces the most common channel for
identifying or sensitive content. The cold-start cor-
pus and annotations are derived from VGGSound,
and the out-of-domain benchmark applies strict
filtering that removes off-screen narration, back-
ground speech, and clips with private or sensitive
personal content (Liu et al., 2026b); annotations
describe only audio–visual and technical relation-
ships and store no personal identifiers, and clips
are referenced by anonymized identifiers. We did
not collect or release any new raw user data.

Documentation and statistics of data. VG-
GSound covers 309 sound classes spanning every-
day objects, animals, instruments, and environmen-
tal scenes; our cold-start generator and CoT annota-

tions use its standard training split (≈190k video–
audio clips), and in-domain results are reported on
its standard test split. AudioCanvas is used strictly
for evaluation (no train/dev split is taken from
it) and contains real-world videos across ≈ 300
V2A-relevant sound categories, including a curated
multi-event subset alongside single-event scenes,
with structured four-axis CoT annotations (Liu
et al., 2026b); none of its clips or source videos ap-
pear in our training or annotation data. For the sub-
jective studies we draw 80 videos per benchmark
and collect ratings from multiple annotators (Ap-
pendix D.2). The reward models cover the four per-
ceptual axes (semantic, temporal, aesthetic, spatial)
and are applied only at post-training and evaluation
time. We report the full objective and subjective
metric sets in Tables 5 and 6.

F Use of AI Assistants

We used AI assistants (general-purpose large lan-
guage models) as writing aids for grammar correc-
tion, conciseness, consistency checks, and drafting
support. The authors verified all technical state-
ments, experiments, numerical results, and claims;
the research ideas, method design, implementation,
analysis, and conclusions are the authors’ responsi-
bility.
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