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Abstract

Recent advancements in audio diffusion mod-
els have significantly improved text-to-audio
editing via inversion techniques. However,
these models typically rely on dense, fixed-
step sampling trajectories to maintain struc-
tural integrity during inversion and generation,
leading to prohibitive computational costs. We
propose AdaTE, a model-agnostic Adaptive
Trajectory Extrapolation framework that ac-
celerates the inversion-based editing process
by dynamically evaluating only the most criti-
cal generative phases. Specifically, we intro-
duce a hierarchical probing mechanism that
monitors curvature acceleration and informa-
tion gain to detect pivotal transitions within the
latent flow. This allows the model to selec-
tively skip redundant segments via linear ex-
trapolation while preserving dense neural eval-
uations for complex semantic changes. Ex-
tensive experiments across AudioLDM2, Auf-
fusion, and Tango2 demonstrate that AdaTE
achieves up to a 3.9ˆ speedup with negligible
loss in fidelity. AdaTE significantly shifts the
Pareto frontier, providing an efficient solution
for high-fidelity audio synthesis and editing.

1 Introduction

In recent years, text-to-audio (T2A) (Liu et al.,
2023a; Kong et al., 2021) generation has achieved
remarkable milestones, driven by the emergence
of powerful generative frameworks such as la-
tent diffusion models. Beyond simple genera-
tion, audio editing (Wang et al., 2023) has sur-
faced as a critical task that enables users to per-
form fine-grained modifications including the ad-
dition of sound events, the removal of noise, or
the replacement of acoustic textures while preserv-
ing the global structure of the original signal (Xu
et al., 2024). Most audio editing methods rely
on inversion techniques (Mokady et al., 2023; Jia
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Figure 1: Heatmap of Information Gain (It) across
20 random audio samples. During the inversion pro-
cess, it shows a sharp concentration of informational
density only in early time steps.

et al., 2025b) to map the source audio into a la-
tent noise space before subsequently re-rendering
it toward a target prompt. This inversion-based
paradigm ensures high-fidelity content preserva-
tion and precise semantic alignment, making it the
de facto standard for professional audio manipu-
lation (Zhang et al., 2024; Li et al., 2024; Meng
et al., 2022).

Despite their impressive synthesis quality, the
practical utility of these models is severely con-
strained by their excessive computational over-
head (Wallace et al., 2023; Kawar et al., 2023). To
maintain the structural integrity of the audio and
avoid artifacts during the inversion-to-generation
cycle, these frameworks typically require dense,
fixed-step sampling with 50 or more steps (Manor
and Michaeli, 2024), leading to high inference la-
tency (Song et al., 2021). While several accelera-
tion methods such as DPM-Solver (Lu et al., 2022)
has been proposed to reduce the number of func-
tion evaluations (NFE) (Salimans and Ho, 2022;
Luo et al., 2023; Lu et al., 2025), they often suffer
from a significant drop in fidelity or structural drift
when the step count is drastically reduced, failing
to capture the intricate nuances of complex audio
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signals (Huang et al., 2022; Ye et al., 2023).
We observe that the limitation of existing meth-

ods stems from the inherent non-uniformity and
local geometric properties of the generative trajec-
tory. As illustrated in Figure 1, our analysis of
information gain (It) reveals that generative cues
are highly concentrated in specific stages, suggest-
ing that a uniform computational budget is inher-
ently suboptimal. Also, we observe that the PCA-
projected trajectory in Figure 2 exhibits a pattern
of local smoothness. This behavior provides an in-
tuitive illustration of locally stable segments along
the trajectory which serves as a useful empirical
motivation for our extrapolation strategy.

These insights suggest that an optimal accelera-
tion strategy should not only be information-aware
to detect critical transitions, but also leverage the
local linearity of the latent manifold for accurate
state estimation. We propose AdaTE, a model-
agnostic adaptive trajectory extrapolation frame-
work that accelerates inference by prioritizing in-
formative evaluation phases. Specifically, a hierar-
chical probing mechanism concurrently monitors
trajectory curvature and information gain to distin-
guish between pivotal semantic transitions and re-
dundant segments. AdaTE maintains dense neural
evaluations in high-curvature regions to ensure fi-
delity, while skipping stable intervals via linear ex-
trapolation upon detecting local smoothness. This
plug-and-play strategy allows for seamless inte-
gration into existing diffusion-based backbones,
significantly shifting the Pareto frontier of audio
editing with minimal computational overhead.

Our contributions are summarized as follows:

• Theoretical Foundation: We characterize
the latent trajectory of audio generative mod-
els as a manifold of non-uniform informa-
tional density, providing a geometric founda-
tion for adaptive inference beyond traditional
fixed-step sampling paradigms.

• Adaptive Framework: We propose AdaTE,
a model-agnostic framework that employs
hierarchical probing to dynamically balance
computational budget between critical transi-
tions and locally linear segments.

• Empirical Validation: We achieve up to
3.9ˆ speedup across AudioLDM2, Auffu-
sion, and Tango2 without retraining, thereby
shifting the Pareto frontier to establish a ro-
bust method for high-fidelity audio editing.
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Figure 2: Two-dimensional principal component
analysis of a representative latent trajectory. The
locally smooth pattern in the projected space provides
an intuitive visualization of short stable segments. This
figure is illustrative only; AdaTE makes its bypassing
decisions in the original high-dimensional space.

2 Preliminaries

2.1 Deterministic Audio Diffusion Dynamics

Diffusion-based models define a forward process
that transforms an audio latent state zt from data
(t “ 0) to Gaussian noise (t “ T ). Audio editing
typically leverages the Probability Flow Ordinary
Differential Equation (ODE) to ensure determinis-
tic and reversible manipulation. The evolution of
the latent trajectory tztu

T
t“0 is governed by:

dzt
dt

“ vpzt, tq (1)

where vpzt, tq denotes the ODE velocity field
governing the deterministic sampling dynamics.
In practice, this field is instantiated from the back-
bone output ϵθpzt, tq, whose parameterization may
vary across models (e.g., noise or velocity predic-
tion). Throughout the remainder of the paper, we
use vt as a shorthand for the model output, i.e.,
vt :“ ϵθpzt, tq, and reserve vpzt, tq exclusively for
the ODE velocity field in Eq. (1) and Eq. (2).

2.2 Deterministic Inversion and NFE

Deterministic inversion maps the signal into the la-
tent space to facilitate granular editing while pre-
serving its acoustic identity. A standard first-order
solver updates the state as:

zt`∆t “ zt ` vpzt, tq ¨ ∆t (2)

The computational cost is quantified by the Num-
ber of Function Evaluations (NFE), represent-
ing the total forward passes through ϵθ. NFE
is intrinsically coupled with the number of steps
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Figure 3: Overview of the AdaTE framework. The system consists of three primary stages: (1) Probing: A
hierarchical mechanism concurrently calculates curvature acceleration (At) and information gain (It) from the
latent trajectory. (2) Decision & Execution: Based on thresholding logic, the framework selects between the
Neural Evaluation (NE) path for high-complexity transitions or the Linear Bypassing (LB) path for stable regions.
The bottom timeline illustrates how AdaTE achieves a significantly lower NFE compared to standard ODE solvers
by adaptively skipping redundant steps.

N (i.e., NFE “ N ) in conventional fixed-step
schemes. While maintaining audio integrity re-
quires a dense discretization to minimize phase
and structural distortions, the resulting computa-
tional overhead incurs prohibitive latency. Our ob-
jective is to decouple NFE from N by bypassing
neural evaluations in stable trajectory segments,
enabling high-resolution processing with signifi-
cantly fewer model calls.

3 Methodology

As illustrated in Figure 3, AdaTE operates by dy-
namically switching between precise neural eval-
uations and efficient linear approximations based
on the intrinsic geometric properties of the la-
tent trajectory. AdaTE framework facilitates this
acceleration via a modular three-stage pipeline:
(i) Information-Aware Probing for real-time dy-
namics estimation, (ii) Adaptive Bypassing De-
cision for stability evaluation, and (iii) Budgeted
Execution for optimized state propagation.

3.1 Information-Aware Probing
The Probing module monitors the evolution of
latent states tztu

T
t“0. It computes the curvature

Ct, its acceleration At, and the information gain
It from consecutive model outputs, providing de-
terministic signals for the subsequent decision-
making stage.

Directional Curvature (Ct) We define the cur-
vature Ct as the temporal variation rate of the
model output vt, where vt :“ ϵθpzt, tq denotes the
backbone output at time t. Note that vt is used
here as a shorthand for the model output and is not
assumed to be identical to the ODE velocity field
vpzt, tq in Eq. (1):

Ct “
}vt ´ vt´∆t}2

∆t
(3)

where a vanishing Ct indicates that consecutive
model outputs vary smoothly, suggesting a locally
stable and predictable trajectory segment.

Curvature Acceleration (At) To detect the on-
set of structural transitions, we monitor the curva-
ture acceleration At, which captures the second-
order variation of the model-output trajectory.
This metric represents the temporal gradient of the
curvature and is formulated as:

At “
Ct ´ Ct´∆t

∆t
(4)

By evaluating the rate of change in curvature, At

serves as a sensitive indicator of manifold transi-
tions. High values of At effectively identify muta-
tion phases where the latent flow undergoes abrupt
structural updates.
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Metric of Information Gain (It) Information
gain It is formulated as a dimensionless scalar
that dictates the necessity of a neural evaluation
at step t. To quantify the evolution of the genera-
tive path, we define the latent displacement oper-
ator ∆zt “ }zt ´ zt´∆t}2 as the ℓ2-norm of the
state transition between successive probing steps.
It integrates the normalized output variation with
the relative evolution of the latent state:

It “ α ¨ Ct
loomoon

Output Variation

` p1 ´ αq ¨
∆zt
∆t

looooooomooooooon

State Evolution

(5)

where α P r0, 1s is a balancing hyperparameter
that modulates the sensitivity between prediction
volatility and geometric displacement. By consol-
idating these dual perspectives, It provides a ro-
bust proxy for the total informational density of
the current sampling step.

3.2 Adaptive Bypassing Decision

In the decision-making stage, the system evaluates
the stability metrics against predefined thresholds
to gatekeep the neural network invocations. This
mechanism ensures that computational resources
are concentrated on the most informative segments
of the latent trajectory.

Triggering Mechanism For each step t, a neural
evaluation (NE) is mandatory if either the cumu-
lative information gain or the structural mutation
exceeds the safety bounds:

Trigger NE if: It ą ϕ or At ą τ (6)

where ϕ denotes the information tolerance and τ
represents the mutation threshold. If neither con-
dition is met, the system enters the linear bypass
(LB) mode, identifying the current segment as a
stable phase where the flow is predictable.

Stability Intuition: The local extrapolation
error is governed by higher-order variation of
the trajectory. Since At serves as a discrete
proxy for such variation, thresholding At

helps identify segments where short-range
extrapolation is likely to remain stable. In
addition, periodic probing resets the approx-
imation, which empirically limits error accu-
mulation over long trajectories.

3.3 Budgeted Execution
The execution stage translates the stability diag-
nosis into computational compression by dynami-
cally modulating the skipping interval.

Adaptive Budget Calculation Upon entering
bypass mode, the system calculates a budget B,
which defines the number of subsequent steps to
be extrapolated without invoking ϵθ. To ensure the
skipping window is inversely proportional to the
informational density, B is formulated as follows:

B “ min

ˆZ

γ ¨ ϕ

It

^

, Bmax

˙

(7)

where γ is a scaling factor and the term Bmax
serves as a safety constraint, ensuring trajectory
stability by preventing excessive deviation.

Trajectory Extrapolation During the skipping
window defined by B, the system bypasses all
neural evaluations and propagates the latent state
using a diffusion scheduler S:

zt`k∆t “ S
`

zt`pk´1q∆t, t ` pk ´ 1q∆t, v̂t
˘

(8)

where k P t1, . . . , Bu, and v̂t is obtained via
first-order extrapolation from the two most re-
cent model outputs. This linear extrapolation al-
lows the framework to traverse stable segments
of the latent manifold with negligible computa-
tional overhead. By substituting costly function
evaluations with first-order approximations in re-
dundant regions, AdaTE effectively decouples the
NFE from the total discretization steps N . The re-
sulting efficiency gain is visualized in the bottom
timeline of Figure 3, where green nodes represent
the accelerated LB path.

4 Experiments

4.1 Backbones and Task Construction
Backbones and Dataset Extensive experiments
are conducted across three representative back-
bones: AudioLDM2 (Liu et al., 2024a), which uti-
lizes a language modeling approach to enhance the
temporal consistency of latent diffusion; Auffu-
sion (Xue et al., 2024), a T2I-adapted framework
that leverages pre-trained visual priors and cross-
modal attention for robust audio-visual alignment;
and Tango2 (Majumder et al., 2024), a model
based on diffusion policy optimization that excels
in complex text-to-audio mapping. These back-
bones cover a spectrum of architectures, ensuring
a comprehensive evaluation.
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Method NFE Speedup Adding Removing Replacing

CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ

Backbone: AudioLDM2
DDIM Inv. 50 1.0ˆ 39.63 2.186 3.385 3.683 43.94 2.027 2.853 3.683 41.79 2.357 2.847 3.064
DDIM Inv. 15 3.3ˆ 40.75 2.095 3.784 3.659 43.71 1.859 3.270 3.305 42.41 2.247 3.105 2.850

+ DPM 15 3.3ˆ 35.02 2.396 7.442 2.742 37.94 2.381 6.670 2.497 36.74 2.554 6.689 2.266
+ AdaTE 12.8 3.9ˆ 40.88 2.214 3.104 3.704 44.65 2.109 3.308 3.466 41.50 2.486 3.060 2.978

Backbone: Auffusion
AudioEditor 25 1.0ˆ 52.07 2.496 2.572 4.932 49.88 2.389 2.655 4.920 53.43 2.578 2.094 4.776
AudioEditor 15 1.7ˆ 49.84 2.315 3.204 4.357 47.58 2.290 3.107 4.236 50.88 2.426 2.843 4.177

+ DPM 15 1.7ˆ 49.17 2.408 3.015 4.576 47.88 2.374 3.335 4.547 51.51 2.513 2.904 4.417
+ AdaTE 13.6 1.8ˆ 51.87 2.405 2.571 5.140 49.08 2.240 2.650 4.626 53.45 2.538 2.315 4.701

Backbone: Tango2
AudioMorphix 50 1.0ˆ 41.71 1.315 2.777 4.018 43.17 2.436 8.137 3.050 39.95 2.546 7.621 3.171
AudioMorphix 15 3.3ˆ 41.22 1.520 5.359 3.821 34.92 3.586 17.59 2.074 32.72 3.394 17.84 2.048

+ DPM 15 3.3ˆ 41.20 1.518 5.360 3.818 35.12 3.596 17.60 2.084 32.85 3.390 17.84 2.051
+ AdaTE 15.7 3.2ˆ 40.29 1.492 3.110 3.625 37.11 2.861 9.367 2.907 35.70 2.673 8.798 2.919

Table 1: Main Results on Audio Editing Efficiency and Quality. We evaluate AdaTE across three backbones
(AudioLDM2, Auffusion, and Tango2) on three tasks (Adding, Removing, and Replacing). NFE represents the
average number of neural evaluations across the test set, calculated as ErNFEs “ 1

n

řn
i“1 NFEi, where NFEi is

the actual evaluation steps for the i-th sample. Speedup is measured relative to the standard setting of the original
backbone. Bold and underlined values indicate the best and second-best performance within each backbone.

Task Construction We primarily evaluate audio
editing on AudioSet1, and further assess general-
ization to music editing on BabySlakh2. We con-
struct three core editing tasks with well-defined
source-target pairs by manipulating sound event
segments within background audio: (1) Adding:
A sound event is inserted into background au-
dio; the pre- and post-insertion audios are the
Source and Target, respectively. (2) Removing:
The inverse of Adding. (3) Replacing: Two dis-
tinct sound events are inserted into the same back-
ground position, forming the Source-Target pair.
Metric definitions are provided in Appendix A.1.

Baselines We benchmark AdaTE against several
paradigms: (1) Deterministic Solvers: We em-
ploy standard DDIM Inversion (Song et al., 2021),
AudioMorphix (Liang et al., 2025), and AudioEd-
itor (Jia et al., 2025b) at varying NFEs as the pri-
mary baselines for quality-speed anchors. (2) Ad-
vanced Solvers: We additionally include DPM-
Solver (Lu et al., 2022) as a representative high-
order solver, and further extend comparisons to
advanced samplers and adaptive ODE solvers such
as RK45 (P. Bogacki, 1989), DPM++ (Lu et al.,
2025), and UniPC (Zhao et al., 2023).

1https://research.google.com/audioset/download_strong.html
2https://zenodo.org/records/4603870

4.2 Main Results
4.2.1 Overall Performance and Efficiency
As summarized in Table 1, AdaTE achieves a su-
perior Pareto front between computational effi-
ciency and generative quality across all evaluation
benchmarks. Specifically, on the AudioLDM2
backbone, AdaTE reduces the NFE to 12.8 (a
3.9ˆ speedup) while consistently outperforming
the competitive DPM-solver. In many instances,
such as the Adding task for AudioLDM2, AdaTE
even exceeds the fidelity (FAD: 3.104 vs. 3.385)
and inception scores of the 50-step DDIM Inver-
sion. This suggests that by dynamically skipping
redundant trajectory segments, AdaTE effectively
prevents the accumulation of numerical errors in-
herent in dense, fixed-step sampling.

4.2.2 Robustness Against Trajectory Collapse
A critical finding is the resilience of AdaTE in
scenarios where standard fast-sampling methods
fail. This is most evident on the Tango2 back-
bone. When the NFE is reduced to 15, the base-
line AudioMorphix suffers a catastrophic perfor-
mance drop in Removing and Replacing tasks
(e.g., FAD soaring to 17.59). Under nearly identi-
cal NFE constraints, AdaTE maintains structural
integrity with an FAD of 9.367 and 8.798, re-
spectively. This performance gap validates our
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Method NFE Speedup CSÒ KLÓ FADÓ ISÒ

DDIM 50 1.0ˆ 41.79 2.190 3.028 3.477
DDIM 15 3.3ˆ 42.29 2.067 3.386 3.271

+ RK45 14 3.6ˆ 9.92 3.754 28.735 1.140
+ DPM++ 15 3.3ˆ 19.88 2.764 8.897 2.647
+ UniPC 15 3.3ˆ 40.06 2.296 4.637 2.967
+ AdaTE 13 3.9ˆ 42.34 2.270 3.157 3.383

Table 2: Comparison with Advanced ODE Solvers
on AudioLDM2. We compare AdaTE with advanced
solvers including RK45, DPM++ and UniPC under
identical settings.

hierarchical probing mechanism: by identifying
high-curvature regions that require neural evalu-
ation, AdaTE preserves essential manifold transi-
tions that fixed-step solvers overlook.

4.2.3 High-Fidelity Content Preservation

Beyond global distribution metrics like FAD and
IS, AdaTE excels in maintaining semantic align-
ment and content preservation, as evidenced by
the competitive CS and KL scores. On Auffusion,
AdaTE achieves the highest CS and IS scores in
the Adding and Removing tasks among 15-step
alternatives. This indicates that our information-
aware strategy ensures that the essential semantic
features of the audio are computed with high pre-
cision, while only geometrically stable and thus
predictable segments are bypassed.

4.2.4 Comparison with Advanced Solvers

We extend our comparison to include stronger
high-order and adaptive sampling methods, in-
cluding DPM-Solver++, UniPC, and RK45. We
evaluate these baselines under the same Audi-
oLDM2 backbone and identical NFE settings for
a fair comparison. As shown in Table 2, we re-
port the average performance over the three edit-
ing tasks, while the full results are provided in Ap-
pendix B.1. While these higher-order and adaptive
solvers can improve sampling efficiency in mod-
erate settings, their performance tends to degrade
when the number of function evaluations is heav-
ily reduced. AdaTE maintains a better trade-off
between efficiency and fidelity. This suggests that
improving numerical solvers alone may be insuf-
ficient for robust audio editing, and that adaptive
trajectory selection provides a more stable mecha-
nism under aggressive acceleration.

Method NFE Speed CSÒ KLÓ FADÓ ISÒ

AudioLDM2 (Music Editing)
DDIM 50 1.0ˆ 43.65 0.708 2.582 1.397
DDIM 15 3.3ˆ 43.94 0.696 2.369 1.349

+ AdaTE 10.3 4.9ˆ 44.01 0.703 2.596 1.392

Auffusion (Music Editing)
AudioEditor 25 1.0ˆ 40.52 1.209 5.458 1.700
AudioEditor 15 1.7ˆ 40.00 1.160 5.614 1.610

+ AdaTE 13.2 1.9ˆ 42.18 1.156 4.708 1.632

Table 3: Main Results on Music Editing. We evaluate
AdaTE across different backbones on the BabySlakh
dataset. Results are reported as the average perfor-
mance across three editing tasks. Bold and underlined
values indicate the best and second-best performance
within each backbone.

4.2.5 Subjective Evaluation
We evaluated perceptual fidelity using a Mean
Opinion Score (MOS) test involving 25 partici-
pants on the AudioLDM2 and Auffusion back-
bones. Participants rated audio samples gener-
ated by different methods, and the reported MOS
values are averaged over all valid ratings. Over-
all, AdaTE consistently outperforms the low-NFE
baseline methods and achieves perceptual qual-
ity comparable to the original high-NFE methods.
Detailed per-task subjective results are provided in
Appendix B.2.

4.2.6 Inference Efficiency and Latency
To verify that our NFE reduction translates into
actual hardware-level speedup, we measure the
Real-Time Factor (RTF) for each backbone under
the hardware setup available in our experiments.
The reported RTF values are intended for within-
backbone comparison between AdaTE and its cor-
responding baseline under the same hardware set-
ting. The results indicate that AdaTE significantly
reduces end-to-end latency; for instance, it com-
presses the RTF of AudioLDM2 from 1.167 to
0.324. Importantly, this efficiency gain is con-
sistent across diverse architectures. Detailed RTF
comparisons are provided in Appendix B.3.

4.2.7 Music Editing
We further evaluate AdaTE on the BabySlakh
dataset, a synthetic music dataset characterized
by structured multi-track compositions and strong
harmonic dependencies. Compared to AudioSet,
it exhibits more complex temporal and spectral
structures, posing a greater challenge for high-
fidelity editing. As shown in Table 3 (which re-
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Figure 4: Ablation study of the dual-metric decision
module on AudioLDM2. We report the CLAP scores
with all variants evaluated under a consistent „ 3.9ˆ

speedup. The results show that the synergy between It
and At is essential for maintaining semantic alignment.

ports the average performance across all tasks; see
Appendix B.4 for the full per-task breakdown),
AdaTE consistently achieves better or compara-
ble performance to full-NFE baselines while pro-
viding significant speedups across diverse mu-
sical structures. On AudioLDM2, it maintains
a balanced performance profile under low-NFE
settings, while on Auffusion it consistently im-
proves most metrics over the AudioEditor base-
line. These results demonstrate that AdaTE gener-
alizes well to music scenarios and remains robust
even under aggressive acceleration.

5 Ablation Studies and Analysis

We conduct a series of progressive ablation exper-
iments to validate the design choices of AdaTE.
We analyze (1) the necessity of decision metrics,
(2) the formulation of information gain, (3) hyper-
parameter sensitivity, (4) the statistical foundation
of dynamic budget allocation, and (5) case study.

5.1 Dual-Metric Synergy: Information Gain
It vs. Curvature Acceleration At

The decision-making module of AdaTE is driven
by the synergy between It which monitors seman-
tic tolerance, and At which captures abrupt struc-
tural changes. We evaluate the semantic align-
ment using CS score across the editing tasks while
maintaining a „ 3.9ˆ speedup for all variants.

As detailed in Figure 4, the Full Method con-
sistently outperforms the single-metric variants
across all tasks. Specifically, removing At (Only
It) causes CLAP scores to drop, notably in Re-
moving tasks (44.65 to 43.25), suggesting that
second-order trajectory shifts are vital for precise

segment excision. The degradation is more severe
without It (Only At), where the average CS score
falls to 40.22, and the Removing task collapses by
3.39 points. These results empirically justify our
dual-metric design: At ensures structural preci-
sion, while It maintains semantic sensitivity dur-
ing complex audio editing.

5.2 Formulating Information Gain It:
Time-Relative vs. State-Recursive

To investigate the scientific rationality of informa-
tion gain metric, we formalize and compare two
contrastive strategies. Time-Relative Ip1q

t : de-
fined as Ip1q

t 9∆zt{∆t, which monitors the evo-
lution rate relative to the fixed temporal grid,
viewing information density as the velocity of
latent drift; State-Recursive Ip2q

t : defined as
Ip2q

t 9∆zt{∆zt´∆t, which measures the relative
innovation by anchoring the current displacement
to the preceding state increment.

As illustrated in Figure 5, the time-relative Ip1q

t

consistently outperforms the recursive Ip2q

t in au-
dio fidelity. For instance, in the Adding task, Ip1q

t

achieves a significantly higher CLAP score (40.88
vs. 38.14) and a lower FAD (3.104 vs. 3.812).
The performance gap suggests that recursive nor-
malization Ip2q

t is highly sensitive to local numeri-
cal fluctuations. When the trajectory enters a near-
stationary region where ∆zt´∆t Ñ 0, the met-
ric may encounter instability, leading to inaccurate
bypassing decisions. In contrast, time-normalized
Ip1q

t provides a globally consistent and stable mea-
sure of informational density, ensuring that linear
extrapolations are grounded in the intrinsic physi-
cal flow of the diffusion process. Thus, we adopt
Ip1q

t as the default formulation for AdaTE.

5.3 Efficiency-Fidelity Trade-off: Sensitivity
of Threshold ϕ

The information tolerance threshold ϕ governs the
aggressiveness of the acceleration. To determine
the optimal operating point, we conduct a sensi-
tivity analysis by varying ϕ from 1 to 10 as shown
in Table 4. Audio quality remains remarkably sta-
ble within ϕ P r1, 5s; notably, for the Adding task,
ϕ “ 5 slightly improves the FAD score (3.104)
over the conservative ϕ “ 1 (3.339). While in-
creasing the threshold consistently reduces com-
putational cost, an excessively aggressive policy
(ϕ “ 10) may overlook critical semantic transi-
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Figure 5: Ablation Study on Information Gain For-
mulation. We compare our proposed formulation Ip1q

t ,
which computes information density relative to the
time step ∆t, against a recursive variant Ip2q

t that evalu-
ates innovations relative to the preceding state ∆zt´∆t.

Task ϕ Speedup CS Ò FAD Ó IS Ò

Adding
1 1.6ˆ 40.36 3.339 3.710
5 4.0ˆ 40.88 3.104 3.704

10 6.6ˆ 39.81 4.095 3.381

Removing
1 1.5ˆ 44.71 2.899 3.588
5 3.9ˆ 44.65 3.308 3.466

10 6.6ˆ 43.46 3.214 3.378

Replacing
1 1.5ˆ 42.14 2.802 3.003
5 3.8ˆ 41.50 3.060 2.978

10 6.6ˆ 41.09 3.285 2.862

Table 4: Ablation Study on Information Tolerance
ϕ. As the primary controller of the execution budget, a
larger ϕ aggressively compresses computation while a
smaller ϕ prioritizes fidelity. Results on AudioLDM2
show that ϕ “ 5 provides up to 4.0ˆ speedup with
negligible degradation, achieving an optimal balance.

tions, leading to a noticeable degradation in CS
and IS metrics. We identify ϕ “ 5 as the optimal
“sweet spot” for balancing compression and struc-
tural integrity, adopting it as default configuration.

5.4 Justifying Dynamic Budget via
Information Density

We provide a statistical foundation for our dy-
namic budget allocation policy by analyzing the
distribution of information gain It across the gen-
erative trajectory. As illustrated in Figure 6, the
information density is highly non-uniform and ex-
hibits a pronounced long-tail characteristic, where
the top 30% of time steps account for 66.3% of
the total information gain. This uneven distribu-
tion justifies our strategy of assigning a dynamic
budget B that is inversely correlated with informa-
tion gain It. By allocating more neural evaluations
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Figure 6: Cumulative Distribution of Information
Gain It. The sorted distribution reveals that infor-
mation is heavily concentrated in a minority of critical
steps, justifying an adaptive bypassing strategy.

to high-information phases and aggressively by-
passing redundant steps in the stable tail, AdaTE
achieves a much more efficient computational dis-
tribution compared to static uniform skipping.

5.5 Case Study: Mel-spectrogram Visualizing

Finally, we present a case study of an audio
editing task to provide a granular understand-
ing of how AdaTE operates on real-world sam-
ples. Figure 7 visualizes the original spectro-
gram, the 50-step full-inversion baseline, and the
edited result via AdaTE. A comparison between
(a) and (b) reveals that the inversion process pre-
cisely isolates and modifies the target acoustic re-
gions. Crucially, the spectrogram produced by
AdaTE (c) remains nearly indistinguishable from
the non-accelerated reference (b), preserving fine-
grained harmonic structures and transient details
despite a substantial reduction in neural evalua-
tions. This qualitative evidence demonstrates that
our information-aware policy effectively guards
the perceptual quality of the audio while skipping
redundant computations in stable regions.

6 Related Work

6.1 Trajectory-based Audio Editing

Diffusion models and Flow Matching dominate
audio editing by mapping trajectories between
noise and data distributions (Liu et al., 2023a;
Guo et al., 2024; Majumder et al., 2024), ensur-
ing semantic consistency in tasks like inpainting
and style transfer (Xu et al., 2024; Xue et al.,
2024). However, editing requires solving Differ-
ential Equations via iterative sampling. This in-
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(a) Original source audio

(b) DDIM Inversion

(c) DDIM Inversion + AdaTE

Figure 7: Mel-spectrograms Comparison. (a) Origi-
nal audio; (b) Full DDIM-inversion baseline (50 steps);
(c) Accelerated result via AdaTE. While (b) highlights
the edited regions, (c) is nearly indistinguishable from
(b), demonstrating that our adaptive strategy preserves
fine-grained harmonic structures and transient details
despite significant computational speedup.

volves multiple NFEs of networks, hindering low-
latency interactive editing and edge deployment.

Inversion-based methods map source audio to
latents to maintain structural integrity. Although
common, DDIM inversion (Song et al., 2021) suf-
fers from reconstruction-distorting accumulation
errors. Recent works like Null-text (Mokady et al.,
2023), Negative-prompt (Miyake et al., 2025), or
fixed-point iteration (Mehta et al., 2024) improve
editability-fidelity trade-offs. Although FM allows
exact inversion via backward integration (Le et al.,
2023; Vyas et al., 2023), it still requires dense
ODE discretization to minimize error, remaining
computationally expensive for real-time use.

6.2 Numerical Solvers and Step-size Control

The inference of generative trajectories is typ-
ically treated as solving an Initial Value Prob-
lem (IVP). Standard solvers such as DPM-Solver
(Lu et al., 2022), DEIS (Zhang and Chen, 2023),
and UniPC (Zhao et al., 2023) utilize higher-order
polynomial approximations to achieve faster con-
vergence to reduce the number of sampling steps.
And adaptive step-size solvers like the Bogacki-
Shampine (P. Bogacki, 1989) and Runge-Kutta-
Fehlberg (Fehlberg, 1969) methods have been in-
tegrated into diffusion frameworks (Song et al.,
2021; Jolicoeur-Martineau et al., 2021) to ad-
just discretization intervals based on local trunca-

tion error estimates. Unfortunately, these general-
purpose numerical solvers are often task-agnostic
as they prioritize global numerical precision over
the specific semantic stability required in audio
editing. In many editing scenarios, large segments
of the latent trajectory exhibit low informational
density. Traditional solvers lack a mechanism to
sense these regions from a semantic perspective.

6.3 Accelerating via Adaptive Computation

Acceleration strategies are generally categorized
into training-based and training-free paradigms.
Training-based methods focus on distilling com-
plex models into simpler ones or straightening the
generation trajectories. For instance, Consistency
Models (Song et al., 2023) and the variants in au-
dio domain (Lu et al., 2024) collapse the trajectory
into a few steps. Similarly, Rectified Flow (Liu
et al., 2023b) and progressive distillation (Sali-
mans and Ho, 2022) aim to create straighter ODE
paths. While effective, these methods require ex-
pensive retraining on massive datasets and may
suffer from a loss of generative diversity or fidelity
when the distillation budget is extremely low.

Training-free approaches optimize inference by
pruning redundancy or leveraging temporal coher-
ence. Feature caching mechanisms like Fora (Sel-
varaju et al., 2024) and DeepCache (Ma et al.,
2024) exploit the similarity within adjacent states
for reusing. Furthermore, architectural-level op-
timizations like token pruning (Wen et al., 2025)
and dynamic block skipping (Jia et al., 2025a) are
also explored to reduce the per-step cost. But these
methods often operate under static schedules or
rely on fixed heuristic thresholds.

7 Conclusion

We introduce a model-agnostic framework that ac-
celerates audio editing via adaptive trajectory ex-
trapolation. By monitoring curvature acceleration
and information gain, AdaTE identifies critical
ODE segments for full evaluation while bypass-
ing redundant phases through linear extrapolation.
Experiments across three backbones show up to
3.9ˆ speedup without compromising quality. Sta-
tistical analysis confirms that 66.3% of genera-
tive information is concentrated in the first 30%
of steps, empirically justifying our adaptive bud-
geting. Overall, AdaTE provides a robust, high-
fidelity solution that effectively decouples compu-
tational cost from sampling density.
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Limitations

Despite the significant acceleration achieved by
AdaTE, this work primarily focuses on the tem-
poral redundancy and local linearity of the la-
tent trajectory. One potential limitation is that we
do not explicitly explore the spatial redundancy
within the latent representations of audio diffu-
sion models. Since audio signals often exhibit
sparse structures in the latent manifold, future
research could investigate adaptive spatial prun-
ing or sparse computation to further reduce the
computational footprint. Additionally, while our
framework is model-agnostic, the probing inter-
vals currently rely on a set of predefined hyper-
parameters. Developing an end-to-end learnable
policy to determine these critical windows could
be a promising direction for future exploration.
Another limitation is that our study is restricted
to audio diffusion and editing pipelines, and we
have not yet examined whether similar adaptive
acceleration strategies remain effective in other
large-scale generative settings, such as multilin-
gual LLM-based generation (Luo et al., 2025),
where the inference dynamics may differ substan-
tially from those in audio models.
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Appendix

A Experimental Setup Details

A.1 Evaluation Metrics

We employ comprehensive metrics across three di-
mensions: (1) Generative Quality: We use FAD
(Fréchet Audio Distance) to measure the distri-
bution overlap between generated and real audio,
and IS (Inception Score) to assess the clarity and
diversity of the samples. (2) Editing Precision:
CS (CLAP Score)3 (Elizalde et al., 2023a,b) quan-
tifies the semantic alignment between edited au-
dio and text prompts, while KL (Kullback-Leibler
Divergence) measures information loss to assess
original content preservation. The calculation of
KL, FAD, and IS follows the standardized eval-
uation pipeline provided by the AudioLDM-Eval
package4 (Liu et al., 2024b, 2023a) to ensure re-
producible results. (3) Efficiency: The primary
metric is NFE, standing for the number of func-
tion evaluations, which is used to quantify infer-
ence speed and computational savings.

A.2 Implementation Details

Different backbones were evaluated on different
GPUs according to the hardware available during
our experiments. Specifically, AudioLDM2 and
Auffusion were run on a single NVIDIA GeForce
RTX 3090 GPU, while Tango2 was run on a single
NVIDIA A100 (80GB) GPU. For all experiments,
we maintain a consistent set of core hyperparam-
eters to demonstrate the robustness of AdaTE.
Specifically, the maximum bypassing budget is set
to Bmax “ 10, the balancing factor to α “ 1,
and the mutation threshold to τ “ 0. The scaling
factor γ is fixed at 0.5 to provide a safety mar-
gin for linear extrapolation. Due to the inherent
variations in output scales and trajectory dynamics
across different models, the information tolerance
ϕ is specifically adjusted for each backbone: we
set ϕ “ 5 for AudioLDM2, ϕ “ 2 for Auffusion,
and ϕ “ 3 for Tango2.

3https://github.com/microsoft/CLAP
4https://github.com/haoheliu/audioldm_eval

16644

https://openreview.net/forum?id=Loek7hfb46P
https://openreview.net/forum?id=Loek7hfb46P
https://openreview.net/forum?id=Loek7hfb46P
https://doi.org/10.24963/ijcai.2024/864
https://doi.org/10.24963/ijcai.2024/864
https://doi.org/10.24963/ijcai.2024/864


Method NFE Speedup Adding Removing Replacing

CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ

DDIM Inv. 50 1.0ˆ 39.63 2.186 3.385 3.683 43.94 2.027 2.853 3.683 41.79 2.357 2.847 3.064
DDIM Inv. 15 3.3ˆ 40.75 2.095 3.784 3.659 43.71 1.859 3.270 3.305 42.41 2.247 3.105 2.850

+ RK45 14 3.6ˆ 9.659 3.485 27.188 1.167 10.28 4.272 30.551 1.135 9.812 3.506 28.466 1.119
+ DPM++ 15 3.3ˆ 20.05 2.541 8.572 2.852 21.02 2.831 8.817 2.705 18.570 2.921 9.302 2.385
+ UniPC 15 3.3ˆ 38.25 2.269 4.958 3.177 41.71 2.184 4.498 3.112 40.220 2.434 4.454 2.613
+ AdaTE 13 3.9ˆ 40.88 2.214 3.104 3.704 44.65 2.109 3.308 3.466 41.50 2.486 3.060 2.978

Table 5: Full Results on Comparison with Advanced ODE Solvers. We evaluate AdaTE against state-of-the-art
ODE solvers on the AudioLDM2 backbone across three tasks (Adding, Removing, and Replacing). NFE represents
the average number of function evaluations across the test set, while Speedup is measured relative to the standard
DDIM (50-step) setting. Bold and underlined values indicate the best and second-best performance.

Backbone Method NFE Add Ò Rem Ò Rep Ò

AudioLDM2 DDIM 50 3.96 3.86 3.83
DDIM 15 3.35 3.42 3.38
+ AdaTE 12.8 3.94 3.87 3.80

Auffusion AudioEditor 25 4.25 4.18 4.12
AudioEditor 15 4.12 4.05 3.98
+ AdaTE 13.6 4.22 4.23 4.07

Table 6: Perceptual Quality (MOS). Subjective evalu-
ations conducted by 25 participants across Adding, Re-
moving, and Replacing tasks.

B Extended Experimental Results

In this section, we provide the full breakdown of
experimental data that were summarized in the
main text due to space constraints.

B.1 Detailed Results for Advanced Solvers

Table 5 presents the per-task results (Adding, Re-
moving, and Replacing) comparing AdaTE with
other advanced solvers at reduced NFE settings.
The data indicates that under low-NFE conditions
(NFE « 15), the performance of standard higher-
order solvers varies. While UniPC provides rel-
atively stable results, RK45 and DPM++ show
a noticeable decline in content consistency (CS)
and audio fidelity (FAD) compared to the origi-
nal DDIM inversion. In contrast, AdaTE achieves
a 3.9ˆ speedup with 13 NFEs while maintaining
metrics comparable to, and in some cases exceed-
ing (e.g., FAD in the Adding task), the 50-step
DDIM baseline. These results suggest that for ac-
celerated audio editing, selecting an appropriate
sampling trajectory is as crucial as the choice of
numerical solver.

Backbone Method NFE RTF Ó

AudioLDM2 DDIM 50 1.167
DDIM 15 0.385
+ AdaTE 12.8 0.324

Auffusion AudioEditor 25 2.332
AudioEditor 15 1.517
+ AdaTE 13.6 1.324

Tango2 AudioMorphix 50 2.958
AudioMorphix 15 0.925
+ AdaTE 15.7 0.964

Table 7: Inference Efficiency (RTF). RTF is measured
under the hardware available for each backbone in our
experiments: NVIDIA GeForce RTX 3090 for Audi-
oLDM2 and Auffusion, and NVIDIA A100 (80GB)
for Tango2. Absolute values are mainly intended for
within-backbone comparison under the same hardware
setting.

B.2 Detailed Results for Subjective
Evaluation

Table 6 presents the detailed Mean Opinion Score
(MOS) results across the three core editing tasks:
Adding, Removing, and Replacing. As shown, the
subjective ratings exhibit a consistent trend with
the objective metrics.

B.3 Detailed Results for Hardware Efficiency

Table 7 reports the Real-Time Factor (RTF) across
different backbones. According to the hardware
availability during our experiments, AudioLDM2
and Auffusion were run on a single NVIDIA
GeForce RTX 3090 GPU, while Tango2 was
run on a single NVIDIA A100 (80GB) GPU.
Consequently, absolute RTF values are primar-
ily intended for within-backbone comparisons to
demonstrate that our NFE reduction consistently
translates into hardware-level speedup.
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Method NFE Speedup Adding Removing Replacing

CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ CSÒ KLÓ FADÓ ISÒ

Backbone: AudioLDM2 (Music Editing)
DDIM Inv. 50 1.0ˆ 46.53 0.586 1.442 1.429 43.84 0.667 3.495 1.343 40.57 0.870 2.810 1.418
DDIM Inv. 15 3.3ˆ 46.89 0.575 1.230 1.380 44.40 0.670 3.373 1.322 40.52 0.844 2.505 1.345

+ AdaTE 10.3 4.9ˆ 46.94 0.586 1.446 1.418 44.34 0.682 3.474 1.345 40.74 0.840 2.868 1.413

Backbone: Auffusion (Music Editing)
AudioEditor 25 1.0ˆ 41.24 1.043 4.286 1.605 38.14 1.354 6.236 1.624 42.18 1.231 5.852 1.872
AudioEditor 15 1.7ˆ 41.50 1.028 4.710 1.632 37.17 1.263 6.468 1.511 41.32 1.190 5.664 1.686

+ AdaTE 13.2 1.9ˆ 43.41 0.987 3.617 1.591 39.67 1.307 5.444 1.600 43.47 1.173 5.063 1.706

Table 8: Full Results on Music Editing. This table provides a comprehensive per-task breakdown of generative
quality and editing precision for music editing. Bold and underlined values indicate the best and second-best
performance within each backbone.

B.4 Detailed Results on Music Editing
(BabySlakh)

Table 8 provides a comprehensive breakdown of
per-task metrics on the music editing benchmark.
Specifically, AdaTE achieves a balanced perfor-
mance profile for AudioLDM2 under low-NFE
regimes, while consistently outperforming the Au-
dioEditor baseline across most metrics when ap-
plied to Auffusion. These results underscore the
robustness and versatility of AdaTE across diverse
audio domains.

C Algorithm

Algorithm 1 details the execution flow of AdaTE.
Each neural evaluation acts as a probing step that
measures local trajectory variation through Ct, At,
and It. When the estimated mutation level remains
below the threshold τ , the algorithm allocates a
bypass budget B according to It, so that smaller
It leads to a larger skipping window. Otherwise, it
falls back to standard neural evaluation. This de-
sign concentrates model calls on structurally com-
plex regions while using short extrapolation win-
dows in stable segments.
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Algorithm 1: AdaTE: Information-Aware Adaptive Execution
Input : Source latent zT , Scheduler S, Diffusion Model M, Information tolerance ϕ, Mutation

threshold τ , Scaling factor γ, Max budget Bmax, Step size ∆t, Steps ttiu
N
i“1

Output: Edited latent z0
1 Initialize z Ð zT , B Ð 0, v Ð None, vprev Ð None, Cprev Ð 0;
2 for i Ð 1 to N do
3 if B ą 0 then

// Bypassing Stage: Linear Extrapolation
4 v̂ Ð 2v ´ vprev ; // Extrapolation
5 z Ð Spz, ti, v̂q ; // Diffusion scheduler update
6 vprev Ð v, v Ð v̂ ; // Maintain state
7 B Ð B ´ 1;
8 else

// Probing Stage: Neural Evaluation
9 vprev Ð v;

10 zprev Ð z;
11 v Ð Mpz, ti, ¨q ; // Neural model evaluation
12 z Ð Spz, ti, vq;
13 ∆zt Ð z ´ zprev;

// Adaptive Budget Allocation
14 if vprev ‰ None then
15 Ct Ð }v ´ vprev}2{∆t ; // Curvature
16 It Ð fpCt,∆ztq ; // Info-Gain
17 At Ð pCt ´ Cprevq{∆t ; // Acceleration
18 if At ă τ then
19 B Ð minpBmax, tγ ¨ ϕ{Ituq;
20 else
21 B Ð 0;
22 end
23 Cprev Ð Ct;
24 end
25 end
26 end
27 return z;
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