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ABSTRACT

Joint video-audio diffusion models such as MOVA employ dual classifier-free
guidance (dual-CFG) with separate bridge guidance for video-audio alignment
and text guidance for content control. However, constant bridge guidance through-
out denoising may hurt speech fidelity by crowding out text-condition sensitivity
in late steps. We propose Step-Down bridge guidance scheduling, a training-free
technique that maintains high bridge guidance (sp = 3.5) in early denoising steps
for structural alignment, then reduces it via cosine ramp to sp = 1.5 in late steps
to restore text-condition sensitivity. Our approach is motivated by norm anal-
ysis showing that the bridge-to-text guidance ratio increases from 1.04 to 1.47
across denoising steps. On Verse-Bench speech prompts, Step-Down scheduling
achieves 1.5% WER improvement over the constant baseline while preserving
synchronization quality (AV-A within 1.2%). Crucially, timing matters: Step-
Down outperforms Step-Up (same values, reversed order) by 1.9%, demonstrating
that the temporal allocation of guidance strength determines speech fidelity.

WARNING: This paper was generated by an automated research system. The code
is publicly availableE]

1 INTRODUCTION

Joint video-audio generation has emerged as a critical capability for creating immersive multime-
dia content. Recent advances in diffusion models have enabled systems that generate synchronized
video and audio from text prompts, with applications ranging from film production to virtual real-
ity. Models such as MM-Diffusion (Ruan et al.,[2022)), MMAudio (Cheng et al.,|2024), UniVerse-
1 (Wang et al.,[2025), LTX-2 (HaCohen et al.| |2026)), and MOVA (Yu et al.,2026) have demonstrated
impressive results in generating coherent audio-visual content. MOVA introduces a dual classifier-
free guidance (dual-CFG) formulation with separate bridge guidance (sp) for video-audio alignment
and text guidance (s7) for content control, enabling fine-grained control over synchronization and
semantic fidelity.

However, current practice applies constant guidance scales throughout the denoising process, which
may not be optimal for all generation phases. Recent work on CFG scheduling in image diffu-
sion (Wang et al.| [2024; Jin et al., [2025) has shown that different denoising stages have distinct
requirements: early steps establish coarse structure while late steps refine fine-grained details. In
dual-CFG video-audio generation, this suggests that the balance between bridge and text guidance
should vary across denoising steps. Specifically, constant high bridge guidance may crowd out text-
condition sensitivity in late steps, precisely when speech articulation and content details are being
refined.

In this paper, we propose Step-Down bridge guidance scheduling, a training-free technique that
reduces bridge guidance in late denoising steps to improve speech fidelity. Our approach is motivated
by a mechanistic analysis of guidance term dynamics: we observe that the bridge-to-text norm ratio
increases from 1.04 in early steps to 1.47 in late steps under constant sp = 3.5, indicating that
bridge guidance increasingly dominates the combined signal. Step-Down scheduling addresses this
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imbalance by maintaining high sp = 3.5 in early steps (k < 12) for structural alignment, then
applying a cosine ramp to s = 1.5 in late steps (k > 12) to restore text-condition sensitivity.

Our contributions are as follows:

* We propose Step-Down bridge guidance scheduling for dual-CFG video-audio diffusion, a
simple training-free modification that improves speech fidelity by reducing bridge guidance
in late denoising steps.

* We provide mechanistic evidence through norm analysis showing that bridge guidance
dominates text guidance in late steps (ratio 1.47 vs 1.04), explaining why constant high
sp hurts speech fidelity.

* We demonstrate that Step-Down scheduling achieves 1.5% WER improvement over the
constant baseline while preserving synchronization quality (AV-A within 1.2%), and that
timing matters—Step-Down outperforms Step-Up by 1.9% despite using the same guid-
ance values.

2 RELATED WORK

CFG Scheduling. Classifier-free guidance (CFG) (Hol[2022) has become the standard method for
enhancing conditional generation quality in diffusion models. Recent work has explored timestep-
dependent guidance schedules to improve the quality-diversity trade-off. |Wang et al.| (2024)) pro-
vide a comprehensive analysis of CFG weight schedulers, finding that monotonically increasing
schedules consistently improve performance in image generation. Jin et al. (2025) analyze CFG
dynamics across three stages—direction shift, mode separation, and concentration—showing that
early strong guidance erodes global diversity while late strong guidance suppresses fine-grained
variation. |Yehezkel et al.| (2025)) propose annealing guidance schedulers that dynamically adjust the
guidance scale based on the conditional noisy signal. |Papalampidi et al.|(2025)) introduce dynamic
CFG scheduling using online feedback from evaluators to select optimal guidance at each timestep.
Sadat et al.| (2024)) propose independent condition guidance (ICG) and time-step guidance (TSG) as
alternatives to standard CFG. While these works focus on single-condition CFG in image genera-
tion, our work extends timestep-dependent scheduling to dual-CFG in video-audio diffusion, where
bridge and text guidance have distinct roles.

Joint Audio-Video Generation. Joint audio-video generation has emerged as a key challenge
in multimodal synthesis. Early work by Ruan et al.| (2022) introduced MM-Diffusion, a coupled
denoising framework with random-shift attention for cross-modal alignment. MMAudio (Cheng
et al., 2024) achieves state-of-the-art video-to-audio synthesis through multimodal joint training
with a conditional synchronization module. [Ishii et al.| (2024)) propose timestep adjustment and
cross-modal conditioning as positional encoding (CMC-PE) for temporal alignment. Recent large-
scale models include UniVerse-1 (Wang et al.| 2025)), which employs stitching of experts (SoE) to
fuse pre-trained video and audio models, LTX-2 (HaCohen et al.|[2026), an asymmetric dual-stream
transformer with modality-aware CFG, and Ovi (Low et al.l |2025), which uses blockwise cross-
modal fusion of twin-DiT modules. MOVA (Yu et al.,|2026)) introduces a dual-CFG formulation with
separate bridge guidance (sp) for video-audio alignment and text guidance (s7) for content control.
Our work focuses on optimizing the bridge guidance schedule in MOVA’s dual-CFG framework.

Audio Diffusion Models. Diffusion models have achieved remarkable success in audio genera-
tion. AudioLDM (Liu et al., 2023a) pioneered latent diffusion for text-to-audio synthesis using
CLAP embeddings, enabling efficient generation with a single GPU. AudioLDM 2 (Liu et al.
2023b) extends this framework with a unified “language of audio” representation based on Au-
dioMAE, achieving state-of-the-art performance across speech, music, and sound effects. Stable
Audio Open (Evans et al.| 2024) provides an open-weights alternative trained on Creative Com-
mons data, demonstrating competitive performance for high-quality stereo synthesis at 44.1kHz.
These models typically employ constant CFG scales during inference. Our work demonstrates that
timestep-dependent guidance scheduling can improve generation quality in the audio domain, par-
ticularly for speech fidelity in joint video-audio synthesis.
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3 METHOD

We present Step-Down bridge guidance scheduling, a training-free technique for improving speech
fidelity in dual-CFG video-audio diffusion models. We first review the dual-CFG formulation used
in MOVA (Yu et al., 2026), then motivate our approach through analysis of guidance term dynamics,
and finally describe the Step-Down scheduling strategy.

3.1 PRELIMINARIES: DUAL CLASSIFIER-FREE GUIDANCE

Joint video-audio generation models such as MOVA operate in latent spaces defined by pretrained
variational autoencoders. Given a text condition ¢y and cross-modal bridge information cp (rep-
resenting video-audio alignment signals), the model predicts velocity fields vg(z¢, cr, cg) for de-
noising. Following the dual classifier-free guidance (dual-CFG) formulation introduced in Instruct-
Pix2Pix (Brooks et al.l [2022) and adapted for video-audio generation (Yu et al., [2026), the guided
velocity is computed as:

179 = U@(Zta ®7 @) + SB [UG(Zh ®7 CB) - UB(Zt, ®7 @)] +ST : [UO(Zm cr, CB) - 'U()(Zt7 @, CB)] (1)
bridge term text term

where @ denotes null conditioning, sp is the bridge guidance scale controlling video-audio align-

ment strength, and st is the text guidance scale controlling text-condition fidelity. The bridge term

amplifies cross-modal synchronization signals, while the text term amplifies semantic content from
the text prompt.

Standard practice uses constant guidance scales throughout the K-step denoising process. For
speech-heavy content, MOVA typically employs sp = 3.5 and sy = 5.0. However, this constant
scheduling may not be optimal across all denoising phases, as we analyze next.

3.2 MOTIVATION: GUIDANCE TERM DYNAMICS

To understand the interaction between bridge and text guidance across denoising steps, we analyze
the L2 norms of the guidance terms in Equation (I} Specifically, we measure ||vg(z¢, 9, cp) —
vg(zt, D, D)2 (bridge term) and ||vg(2t, cr,cp) — vo(zt, D, cp)||2 (text term) at each denoising
step k € {0, ..., K — 1} with constant sg = 3.5.

Our analysis reveals a critical asymmetry: the text term norm decays rapidly from early to late steps,
while the bridge term norm remains relatively stable. Across 10 speech-heavy prompts from Verse-
Bench, the text term norm decreases by approximately 59% (from ~86 to ~35), whereas the bridge
term norm decreases by only 17% (from ~60 to ~50). This divergence causes the bridge-to-text
norm ratio to increase from 1.04 in early steps (k < 12) to 1.47 in late steps (k > 12).

The implication is significant: with constant spg, the effective contribution of bridge guidance to
the final velocity prediction grows disproportionately large in late denoising steps. Since late steps
are responsible for detail refinement—including speech content and articulation—this bridge domi-
nance crowds out text-condition sensitivity precisely when it matters most for speech fidelity. This
mechanistic insight motivates our Step-Down scheduling strategy.

3.3 STEP-DOWN BRIDGE GUIDANCE SCHEDULING

Based on the norm analysis, we propose Step-Down scheduling: maintain high bridge guidance in
early steps for structural alignment, then reduce it in late steps to restore text-condition sensitivity.
Figure [T]illustrates the overall approach.

Formally, we define the timestep-dependent bridge guidance scale sp(k) for a K-step denoising
process with transition point £* = 12:

shieh if k< k*
lfcos(‘n' k—k” > (2)

L ik > ke

sp(k) = high

Sllg’gh — (s

)
where slggh = 3.5 and s'3¥ = 1.5. The cosine ramp provides a smooth transition that avoids abrupt
changes in the guidance signal. The transition point £* = 12 is chosen based on our norm analysis,

which shows the bridge-to-text ratio exceeds 1.4 around this step.



“QANALEMMA

Step-Down Bridge Guidance Scheduling for Dual CFG in Video-Audio Diffusion
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Figure 1: Overview of Step-Down bridge guidance scheduling for dual-CFG in video-audio diffu-
sion. Left: The dual-CFG formulation combines bridge guidance (video-audio alignment) and text
guidance (speech content). Right: Our Step-Down schedule applies high s = 3.5 in early steps
(k < 12) for structural alignment, then reduces to sg = 1.5 via cosine ramp in late steps (k > 12)
to restore text-condition sensitivity for speech fidelity.

The design rationale follows the phase-dependent requirements of diffusion denoising: early steps
(k < 12) establish coarse structure including video-audio synchronization, where strong bridge
guidance is beneficial; late steps (k > 12) refine details including speech articulation, where reduced
bridge guidance allows the text condition to exert greater influence on the generated content.

3.4 IMPLEMENTATION

Step-Down scheduling is a training-free modification that requires only changes to the inference
loop. At each denoising step k, we compute sp (k) according to Equation [2|and use it in the dual-
CFG velocity computation (Equation [I)). The text guidance scale s; remains constant throughout.
This approach adds negligible computational overhead—a single cosine evaluation per step—and is
compatible with any dual-CFG video-audio diffusion model without retraining.

4 EXPERIMENTS

We evaluate Step-Down bridge guidance scheduling on speech-heavy video-audio generation tasks,
comparing against constant guidance baselines and analyzing the effect of guidance timing.

4.1 EXPERIMENTAL SETUP

We use MOVA-360p (Yu et al., 2026)), a 32B-parameter (18B active) video-audio diffusion model
with dual-tower architecture and bridge modules for cross-modal alignment. All experiments use
dual-CFG with s = 5.0 (text guidance), K = 25 denoising steps, resolution 640 x 352, and seed
42 for reproducibility.

We evaluate on Verse-Bench set3, a benchmark of 100 TED-style speech prompts designed to test
speech fidelity in generated video-audio. We measure three metrics: (1) AV-A: Synchformer (lashin
et al.,|2024) audio-video alignment offset (lower is better); (2) LSE-C: SyncNet lip-sync confidence
(higher is better); and (3) WER: Word error rate from SenseVoice ASR compared to ground-truth
transcripts (lower is better). WER is our primary metric for speech fidelity.
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Table 1: Main results comparing bridge guidance scheduling strategies on Verse-Bench set3 (100
TED-style speech prompts). Best results in bold, second-best underlined. AV-A: audio-video align-
ment offset (|). LSE-C: lip-sync confidence (1). WER: word error rate ({). Step-Down Optimized
achieves the best WER while maintaining competitive synchronization.

Schedule AV-A | LSE-CT WER]
Constant (sg = 3.5) 1.152 4.457 1.140
Step-Up ([1.0]*2 + [3.5]'3) 1.168 5.383 1.145
Step-Down Original ([3.5]'% + [1.0]3) 1.172 3.528 1.109

Step-Down Optimized ([3.5]'% + cosine — 1.5)  1.166 4.811 1.123

Table 2: Schedule optimization: comparing Step-Down variants. The late cosine variant achieves
the best balance across all metrics.

Variant AV-A| LSE-CT WER]
Cosine ramp (3.5 — 1.0, all steps) 1.118 3.813 1.156
Late step-down ([3.5]'8 + [1.5]7) 1.174 4.527 1.108

Late cosine ([3.5]*? + cosine — 1.5)  1.166 4.811 1.123

4.2 MAIN RESULTS

Table [1| compares four bridge guidance scheduling strategies. The constant baseline (sp = 3.5)
represents standard practice with strong synchronization guidance throughout denoising. Step-Up
reverses the temporal order of Step-Down, serving as a control to test whether timing matters. Step-
Down Original uses a hard transition from s = 3.5 to s = 1.0 at step 12. Step-Down Optimized
refines this with a smooth cosine ramp to sp = 1.5.

Step-Down Optimized achieves the best WER (1.123), representing a 1.5% relative improvement
over the constant baseline (1.140). This confirms that reducing bridge guidance in late denoising
steps improves speech fidelity. Importantly, synchronization quality remains competitive: AV-A
increases by only 1.2% (1.166 vs 1.152), and LSE-C actually improves by 8% (4.811 vs 4.457).

4.3 TIMING MATTERS: STEP-UP CONTROL

The Step-Up schedule ([1.0]'2 + [3.5]1%) uses the same guidance values as Step-Down Original but
in reversed temporal order. Despite using identical values, Step-Up achieves WER 1.145 while Step-
Down Optimized achieves 1.123—a 1.9% difference. This demonstrates that the temporal allocation
of guidance strength, not merely the average value, determines speech fidelity. The result supports
our hypothesis that early steps benefit from strong bridge guidance for structural alignment, while
late steps require reduced bridge guidance to preserve text-condition sensitivity.

4.4 SCHEDULE OPTIMIZATION

We explored three Step-Down variants to find the optimal schedule design (Table [2). The cosine
ramp variant applies gradual reduction throughout all 25 steps, achieving the best AV-A (1.118) but
poor LSE-C (3.813) and WER (1.156)—the gradual early reduction loses structural alignment. The
late step-down variant delays the transition to step 18, achieving the best WER (1.108) but missing
the optimal transition window identified by our norm analysis. The late cosine variant, which main-
tains high guidance until step 12 then applies a smooth cosine ramp to sp = 1.5, achieves the best
balance: competitive WER (1.123), best LSE-C (4.811), and acceptable AV-A (1.166).

4.5 MECHANISTIC ANALYSIS

To understand why Step-Down scheduling improves speech fidelity, we analyze the relative contri-
butions of bridge and text guidance terms across denoising steps. Figure 2] shows the L2 norms of
both terms under constant sp = 3.5 guidance, averaged over 10 samples.
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Bridge vs Text Guidance Term Norms (n=10, constant sg=3.5)
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Figure 2: L2 norms of bridge and text guidance terms across denoising steps (n = 10 samples,
constant sp = 3.5). The text term (blue) decays rapidly from ~86 to ~35, while the bridge term
(red) remains relatively stable (~60 to ~50). After k¥ = 12 (dashed line), the bridge term dominates,
motivating the Step-Down transition point.
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Figure 3: Bridge-to-text guidance norm ratio across denoising steps (n = 10 samples, constant
sp = 3.5). The ratio increases from ~0.35 (early steps) to ~1.57 (late steps), crossing 1.0 around
k = 3 and reaching 1.47 mean in late steps (k > 12). This confirms bridge term dominance in late
steps, supporting the Step-Down scheduling strategy.

The text guidance term norm decays rapidly from approximately 86 in early steps to approximately
35 in late steps, while the bridge guidance term remains relatively stable, decreasing only from ap-
proximately 60 to approximately 50. This asymmetric decay causes the bridge term to increasingly
dominate the combined guidance signal as denoising progresses.
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Figure [3|quantifies this imbalance by plotting the bridge-to-text norm ratio. The ratio increases from
approximately 0.5 in early steps to approximately 1.6 in late steps, with a mean of 1.47 for k > 12.
When this ratio exceeds 1.0, the bridge term contributes more than the text term to the final veloc-
ity prediction, effectively reducing the model’s sensitivity to text conditioning. This explains why
constant high sp hurts speech fidelity: in late steps where fine-grained speech details are refined,
the bridge guidance crowds out the text signal that encodes speech content. Step-Down scheduling
addresses this by reducing sp after k = 12, restoring the balance between bridge and text guidance
during the detail-refinement phase.

5 CONCLUSION

We presented Step-Down bridge guidance scheduling, a training-free technique for improving
speech fidelity in dual-CFG video-audio diffusion models. By reducing bridge guidance in late
denoising steps, our approach restores text-condition sensitivity during the detail-refinement phase,
achieving 1.5% WER improvement while preserving synchronization quality. Our norm analy-
sis provides mechanistic evidence for why this works: the bridge-to-text ratio increases from 1.04
to 1.47 across denoising steps, causing bridge guidance to dominate in late steps under constant
scheduling. The Step-Up control experiment confirms that timing matters—the same guidance val-
ues in reversed temporal order yield 1.9% worse WER. As a simple modification requiring only
changes to the inference loop, Step-Down scheduling can be readily applied to other dual-CFG
video-audio models. Future work may explore adaptive scheduling based on prompt characteristics
or extend the approach to other multi-condition guidance scenarios.
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