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ABSTRACT

Industrial sound design requires audio generation systems that not
only produce realistic audio, but also preserve the perceptual iden-
tity of a reference, support controllable variation, and remain effi-
cient for practical workflows. Existing evaluations are usually tied
to text-to-audio (TTA), unconditional, or task-specific settings, lim-
iting assessment for reference-guided sound effects (SFX) varia-
tion. To address this gap, we present a production-oriented evalua-
tion framework for structured comparison of heterogeneous audio
generation and editing methods. Our framework identifies nine
production requirements and explicitly accounts for differences in
model capabilities, enabling comparison under a common produc-
tion objective. A two-stage protocol is introduced: (1) a reference-
guided audio-to-audio (ATA) variation task, in which all meth-
ods are evaluated under the same ESC-50 SFX adaptation setup,
and (2) capability-specific analyses of native operations such as
SFX morphing, temporal and energy alignment, inpainting, and
targeted editing. This framework combines objective metrics (in-
cluding FAD, ImageBind-based reference alignment, and diversity
across generated variants), together with a human study of per-
ceptual identity preservation and transient diagnosis. Our study
reveals complementary strengths and trade-offs across baselines
for different production needs. Among the full-generation base-
lines evaluated under a shared ATA setting, AudioX provides the
strongest overall trade-off between reference alignment and diver-
sity while still supporting SFX morphing. Other baselines remain
most suitable for specific editing operations. Our framework estab-
lishes a structured evaluation and decision protocol for reference-
guided SFX variation and provides a practical basis for designing
future unified industrial audio generation pipelines. Audio demos
and further details can be found on the accompanying web pag

1. INTRODUCTION

1.1. Production Motivation

In SFX production, sound designers often rely on few reusable
recordings, since manually designing variations is costly and time-
consuming. This low variability can lead to perceptible repetition
in interactive media, motivating systems that can produce useful
variations from a reference audio clip [1./2!|3]|4]|5] or from stan-
dard TTA generation [6/|7.8], rather than synthesizing audio un-
conditionally [9]. In practice, an effective sound design system
must do more than produce plausible audio as it is subject to mul-
tiple constraints. Unlike generic TTA generation, this setting re-
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quires jointly balancing realism, identity preservation, controlla-
bility, and usability.

1.2. Gaps in Current Evaluations

Recent audio generation progress has made SFX generation in-
creasingly accessible. Diffusion, flow-matching, and multimodal
pipelines now support style transfer [10{|11] (or SFX morphing
[12]), temporal conditioning [1], targeted editing |5], and inpaint-
ing |[13]. However, these methods are typically evaluated only
within their original task settings, such as TTA generation [10.
6], video-to-audio (VTA) synthesis [5![14], foley alignment [1.
15], or localized restoration [13]. Therefore, their reported perfor-
mance offers limited insight into controlled and production-useful
reference-guided variation. In addition, differences in task formu-
lation, architecture, and evaluation criteria make methods difficult
to compare and complicate the selection of the most suitable ap-
proach for specific SFX generation needs.

1.3. Proposal of Evaluation Framework

This work aims to address this gap by proposing a production-
oriented evaluation framework for reference-guided SFX varia-
tion. The proposed framework defines practical production re-
quirements, selects complementary state-of-the-art baselines ac-
cordingly, and evaluates them through a two-stage protocol: (1)
All methods are compared under a shared reference-conditioned
ATA variation task using ESC-50, an open-source few-shot sound-
bank, to reflect a realistic production usage [16]. (2) Since the
evaluated baselines differ in conditioning, training, and editing ca-
pabilities, our goal is not to produce a single ranking but to char-
acterize their suitability for creative SFX variation. The proposed
framework further provides a capability-specific analyses to as-
sess strengths and limitations of native editing operations such as
reference-guided SFX morphing, temporal alignment, inpainting,
and targeted editing. This design enables a structured and fair com-
parison of heterogeneous methods under a shared production ob-
jective, while creating a decision protocol to emphasize distinctive
strengths of each approach.

1.4. Contributions

(i) We introduce a production-oriented evaluation framework for
reference-guided SFX variation grounded in practical require-
ments. (i) A two-stage protocol is proposed that combines a
shared reference-conditioned ATA variation task with capability-
specific analyses. This enables a decision-oriented analysis
and more structured comparison across heterogeneous baselines.
(iii) Comparison of recent audio generation and editing meth-
ods through objective, perceptual, qualitative, and capability-
specific evaluations. It reveals clear trade-offs and complementary
strengths of different methods for reference-guided SFX variation.
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2. RELATED WORK

2.1. Audio Generation for SFX

In audio generation, diffusion-based models remain a dominant
paradigm for high-fidelity synthesis and are increasingly used for
unconditional or text-conditioned synthesis, while operating on
waveform, spectrogram, or latent representations [10!|1!/17]. Au-
dioLDM adopts a latent-diffusion formulation in a VAE-based la-
tent space and relies on CLAP embeddings for audio-text condi-
tioning [10]. T-Foley [1] is guided by sound-class and temporal-
event information for Foley generation. Recently, flow-matching
models have also been explored for controllable audio genera-
tion, conditioning the flow on multimodal semantic embeddings
[5].  Another common denoising architecture is the Diffusion
Transformer (DiT), in which self-attention operates on multimodal
features together with audio tokens or latent audio representa-
tions, while the Transformer serves as the denoising network
[11/{184]15//19)/20!|21]. Earlier SFX-oriented works also stud-
ied controllable SFX generation, through synthesis of environmen-
tal sounds from onomatopoeic words [22], or from acoustic fea-
tures with explicit control over pitch, loudness, timbre, and tran-
sients [23]. These works motivate SFX generation as controllable
synthesis, but lack inputs over recent generative strengths.

2.2. Reference-Guided Audio Variation and Editing

Beyond unconditional or TTA synthesis, audio editing aims to
modify existing samples while preserving timbre, temporal struc-
ture, or event identity. Recent generative audio frameworks sup-
port editing driven either by explicit instructions [5)|24], refer-
ence signals [13][1], or both [25!/26/|2]|3/|27!/28]|15]. In prac-
tice, these pipelines cover complementary objectives, including
full reference-guided variation [2)28], temporal control (1], local-
ized modification such as inpainting [13] or region-specific editing
[5]. These developments are particularly relevant to SFX genera-
tion, where the objective is often not only to synthesize plausible
audio, but also to preserve event identity and temporal structure
while supporting controllable variation [1J{15]. In addition, a few
methods are explicitly designed to adapt to new domains under
restricted-data settings, including retrieval-augmented approaches
for zero-shot and few-shot TTA generation [29] and customized
generation from a few reference audio samples [30]. Yet these
methods remain primarily generation-oriented and are not neces-
sarily suited to editing or reference-guided SFX workflows.

2.3. Evaluation Gaps for Production-oriented SFX Variation

SEX generation focuses on producing short, semantically mean-
ingful, and often temporally structured events tied to an action,
scene, or reference. [1![15]. Compared with general TTA gener-
ation, it places stronger emphasis on event identity, temporal syn-
chronization, and controllability. Despite recent progress, such
methods are rarely evaluated under a shared SFX-variation ob-
jective or a common benchmark, and their evaluation protocols
remain tied to each method’s original task: AudioLDM mainly
on TTA generation [31], with style transfer, high resolution, and
inpainting shown separately; T-Foley on temporal-event control,
combining quality, diversity, and temporal-adherence metrics with
MOS ratings; ThinkSound on VTA generation, object-focused
generation, and editing, mainly on VGGSound [32] and MovieGen
Audio Bench [33]; AudioX on a large protocol spanning TTA
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[341|35], VTA, joint text-and-video, and instruction-driven bench-
marks; and A?SB on localized restoration. Thus, evaluations
reflect different task definitions, datasets, and control assump-
tions, making a direct cross-method comparison inherently dif-
ficult. This limitation is important for production-oriented SFX
variation, where the objective is not only to generate plausible au-
dio but also to preserve event identity, support controllable varia-
tion, and remain feasible under practical constraints such as lim-
ited data and efficient inference. Such limitations motivate a
shared evaluation framework suitable for practical SFX deploy-
ment (this being the focus of our work).

3. PRODUCTION-ORIENTED EVALUATION
FRAMEWORK AND EXPERIMENTAL SET-UP

In production settings, a reference sound often requires diverse
variations under constraints such as identity preservation, control-
lability, and temporal alignment. Existing baselines address com-
plementary capabilities, but are rarely compared under a shared
objective. Figuresummarizes the proposed evaluation frame-
work to standardize comparison through a common ESC-50 [16]
reference-guided ATA setting complemented by method-specific
analyses. Each method is then evaluated using objective, percep-
tual, and qualitative criteria to characterize its relevance to differ-
ent SFX production needs.

3.1. Production Requirements

Production-ready SFX variation requires more than fidelity: a use-
ful method should preserve identity, support controlled variation,
while remaining efficient for iterative deployment. In this work,
the evaluation is structured around nine production requirements,
each associated with an operational definition, specific evaluation
signals, and typical failure modes; see Tabl These requirements
guide the baseline selection and the evaluation protocol.

3.2. Heterogeneous Baselines

We evaluate five representative baselines covering complemen-
tary SFX variation capabilities. AudioLDM [10] and AudioX
[11] for SFX morphing; T-Foley [1] for time-conditioned control;
ThinkSound [5] for targeted editing; and A?SB [13] for inpainted
variations. A detailed mapping between the production require-
ments and each baseline can be found on our web pag. Below,
we provide a brief description mapping of their conditioning sig-
nals, editing scope and production strengths.

We first select AudioLDM [10], a method which transfers the
reference style to generate reference-conditioned variations. Its
primary control mechanism is text conditioning, while its edit-
ing scope covers the entire generated sample. Thus, it serves as a
general-purpose baseline for full-sample variation, quality and re-
alism (R1), diversity (R3), and flexible user control through text or
reference-guided editing (R6). Then T-Foley [1], as it uses a pro-
tocol centered on temporal-event control through sound-class and
RMS envelope information for Foley generation. This makes T-
Foley particularly relevant for temporal alignment (R4) and energy
control (RS), while supporting identity preservation (R2). How-
ever, it does not support targeted local edits of a specific wave-
form region (R7), since the reference is used only as an event
condition rather than as a direct ATA edition. ThinkSound |[5]
is chosen as the third baseline, to evaluate its control mechanism
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Figure 1: Overview of the proposed production-oriented evaluation framework for reference-guided SFX variation. A. In production

settings, a reference sound often requires multiple diverse variations (Sec.

; B. Existing baselines address complementary capabilities

[10J|1}15![13!/11], including full variation generation (Sec.; C. We propose an evaluation framework to assess models’ abilities at
generating variations of SFX in production settings (Sec. and report a full capability profile for each baseline on our web page'=!

Table 1: Production requirements for reference-guided SFX variation, with evaluation signals and typical failure modes.

Requirement Assessment

Typical failure modes

R1 Fidelity and realism

FADJ, MOST, spectrogram inspection, transient diagnosis

Transient smearing, noise, phasiness, synthetic texture, unnatural reverberation

R2 Identity preservation S-MOST, ImageBind alignment

Semantic drift, generic textures, unrelated events

R3 Diversity without drift ~ ImageBind diversityT, pairwise variation analysis

Near-duplicate outputs, limited variation, identity drift

R4 Temporal alignment

Energy-curve comparison, onset timing error, FWHM ratio

Shifted onsets, stretched/compressed events, incorrect ordering

RS Energy control Energy-curve & envelope comparison, pre-onset A

Loudness drift, distorted dynamics, poor envelope matching

R6 Controllability Comparison across control settings

Weak control response, uncontrolled drift, over-transformation

R7 Targeted modification Local qualitative and editing analysis

Global rewriting, boundary discontinuities, unintended off-target changes

R8 Robustness and stability ~Cross-condition comparison, failure analysis

Unstable behavior, out-of-domain failure, inconsistent quality

R9Y Efficiency Inference time and compute-cost comparison

Excessive latency, slow sampling, impractical compute cost

that combines semantic instructions with reference conditioning,
enabling targeted modifications while preserving overall plausi-
bility. ThinkSound supports a localized editing scope, making it
suitable for studying controllable semantic variation and localized
content modification. This allows evaluation of targeted modifica-
tion (R7), controllability (R6), and semantic editing while main-
taining plausible variation (R3). Further, AudioX [11] is selected
as it combines text, video, and audio signals through multimodal
fusion, enabling audio generation under multiple conditioning sig-
nals. AudioX spans TTA, VTA, joint text-and-video condition-
ing, and instruction-driven conditioning. This is particularly rel-
evant as a recent generation model with strong identity preserva-
tion (R2), diversity without drift (R3), and controllable reference-
guided generation (R6), while also providing a useful reference
point for fidelity and realism (R1). Lastly, A2SB [13] masks a seg-
ment and reconstructs it from the surrounding unmasked context.
Unlike the other baselines, control is provided directly through the
preserved waveform context rather than text or temporal condition-
ing. Its editing scope is strictly local, affecting only the masked
region while leaving the remainder of the signal unchanged. This
makes A%SB relevant for evaluating targeted modification (R7),
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the preservation of an unedited context as part of identity preser-
vation (R2), and localized variation with limited drift (R3).
Overall, the selected baselines cover four distinct editing
scopes: (i) full-sample generation (AudioLDM, AudioX), (ii) tem-
porally constrained generation (T-Foley), (iii) semantic reference-
guided editing (ThinkSound), and (iv) localized waveform in-
painting (A?SB). This diversity enables a broader assessment of
production-oriented SFX variation beyond fidelity alone.

3.3. Evaluation Framework

We evaluate production-oriented SFX variation through a two-
stage protocol after lightweight adaptation on the few-shot sound-
bank ESC-50 [16]: (i) ATA generation: Given a reference au-
dio clip and its corresponding class label, each model generates
variants, which are then evaluated comprehensively. (i) Method-
specific analysis: Selected methods are further analyzed in their
primary audio editing setting to highlight their strengths, includ-
ing SFX morphing, inpainting, temporal alignment, and targeted
editing. Experiments rely on ESC-50 dataset, with 2,000 five-
second recordings across 50 classes. We use the official split, with
folds 1-3 for training, fold 4 for validation, and fold 5 for testing,
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yielding 8 clips per class per fold. This low-data setting approx-
imates practical adaptation of pretrained models to limited SFX
soundbanks. Although relatively small in scale, the ESC-50 set-
ting reflects practical deployment scenarios in which pretrained
models are fine-tuned on limited subsets of target classes rather
than trained from scratch on large-scale datasets.

Our fine-tuning protocol is performed on top of each model’s
initial pretraining, with particular attention to preserving each
model’s original setup and framework. All baselines are initialized
from their released pretrained checkpoints. Fine-tuning is deliber-
ately lightweight to adapt each method to ESC-50 while preserving
its native behavior. Encoders are kept frozen when applicable, and
only task-relevant generation or conditioning layers are adapted;
method-specific details are reported in our web page=

For the ATA generation protocol, we generate N = 10 vari-
ants, for each of the 400 ESC-50 test references, yielding 4,000
outputs per model. Each method receives the waveform reference
and class name as minimal conditioning. ATA generation is imple-
mented according to each baseline’s native design: T-Foley uses
reference-derived temporal features and RMS-envelope condition-
ing; ThinkSound and AudioX sample from a noisy reference la-
tent or waveform, respectively, with class-name conditioning; and
A?SB is evaluated in its native inpainting regime by masking a
segment of the reference and sampling multiple restorations from
the same corrupted input. Tablereports inference time and num-
ber of generated variants per hour for each method, serving as a
practical efficiency indicator (R9). Results in Tab.are diagnostic
rather than directly comparable, since methods use different back-
bones, batch sizes, and sampling steps.

Because the selected baselines differ in their conditioning sig-
nals and editing scope, we complement the shared ATA framework
with a method-specific analysis on each method. These analyses
are diagnostic and are not intended for direct cross-method com-
parison. For A2SB, we evaluate localized inpainting by comparing
short masks of 0.3-1.0,s with longer masks of 0.3-2.0,s, using met-
rics computed exclusively on the inpainted regions. For T-Foley,
we assess the effect of its restricted pretraining manifold (only
seven classes, e.g., coughing, dog, footsteps, keyboard_typing, and
rain) by separating ESC-50 classes that overlap with its native
training domain from the remaining unseen classes. For Audi-
oLDM and AudioX, we evaluate SFX morphing using reference-
to-target transformations under different noise levels o, which con-
trol the strength of the transformation. For ThinkSound, we evalu-
ate object-centric editing on masked regions using attenuation, en-
hancement, and reverberation instructions. These native analyses
preserve each model’s intended control mechanism while comple-
menting the requirement-level interpretation of the shared frame-
work.

Table 2: Practical inference cost under each method’s setting for
generating N = 10 variants per reference over 50 ESC-50 classes
with 8 references per class (4 000 generations per model) [16].

Method Backbone  Hardware Steps Batch Inference Variants/ h
ThinkSound MMDIT A100 24 2 0.66h ~6061
(NeurIPS’25) 40GB

T-Foley Wave. Diff. RTX 250 16 28.8h ~139
(ICASSP’24)  +FiLM A6000

ASB Attn. UNet  A100 300 1 33h ~121
(ArXiv’25) 40GB

AudioX DiT A100 250 1 10h 400
(ICLR’26) 40GB

AudioLDM UNet RTX 200 1 075h ~5333
(ICML23) (LDM) A6000
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3.4. Evaluation Metrics and Listening Study

Objective evaluation is performed on cropped 4 s clips for all meth-
ods. Distributional audio quality and realism (R1) are measured
with Fréchet Audio Distance (FAD) using the AudioLDM-eval im-
plementation [36], computed per class and pooled across classes.
For the reference alignment and diversity, we use Im-
ageBind audio embeddings [37] for identity preservation (R2)
and diversity (R3), since the shared audio-to-audio (ATA) pro-
tocol is reference-conditioned rather than text-driven: an audio-
text metric such as CLAP would mainly reflect agreement with
the class label rather than preservation of the specific reference
event. Let 2° and 2555 be the £2-normalised embeddings of ref-
erence 1 and its variant v. Alignment is the reference-variant co-
(zref 225)

Agen) —

sine similarity A, , = cos_sim(élef 228

eIz |

[l 2 275"

275 2

and diversity D, is the mean pairwise cosine distance D, =
VD) Li<icj<v, (doos (2557 255) ). where deos (-, -) = 1—
cos_sim (-, -) and V,=10 denotes the variants of a reference, fol-
lowing [38]. High diversity must be read jointly with FAD and
alignment, as a large spread may also indicate semantic drift. Re-
guarding the transient diagnostic, we assess temporal behaviour
(R4-R5) from a normalised onset-strength envelope €, built by
summing positive log-mel increments over mel bins and rescal-
ing to [0, 1], so the comparison reflects transient shape rather than
loudness. Peaks are detected with a 40 ms minimum spacing and
prominence p=0.10, yielding three measures: (i) FWHM ratio,
the generated-to-reference ratio of median peak full-width at half-
maximum (— 1 ideal; >1 smeared, <1 sharpened); (ii) pre-
onset A, the difference in normalised pre-transient energy (40 ms
before vs. 80 ms after the peak; — 0 ideal, positive values indicate
pre-echo); and (iii) onset error, the median timing gap between
matched reference and generated onsets (tolerance dmax=150 ms).
All detection parameters are fixed across methods. Finally, the lis-
tening study evaluates perceptual identity (R1-R2), the Similarity
Mean Opinion Score (S-MOS) is rated by 15 participants on a 1-5
identity scale over reference-variation pairs drawn from the 4,000
outputs per method. Participants used headphones in a quiet envi-
ronment, could replay each pair freely, and rated 100 randomized
trials per method with the prompt: rate the identity fidelity (1-5)
as the similarity to the reference event/source, excluding loudness.
Scores are reported with 95% CI.

4. EXPERIMENTAL RESULTS

This section presents results of the proposed production-oriented
evaluation framework for reference-guided SFX variation. We re-
port the shared ATA evaluation, Pareto-inspired trade-offs, and
qualitative analyses, followed by method-specific results on native
capabilities not fully captured by the shared framework.

4.1. ATA Generation

Tablereports the shared reference-conditioned ATA compar-
ison along with transient-level diagnostics, further discussed in
Sec. We evaluate each method’s ability to generate variants
from a reference SFX across reference preservation, quality, diver-
sity, and perceptual identity under common production constraints.

AudioX emerges as the strongest full-generation baseline,
providing the most balanced trade-off across audio quality, iden-
tity preservation, and human evaluation. It remains consistently
competitive across the main criteria, with a low FAD of 9.34, the
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Table 3: Overall quantitative and transient-level diagnosis comparison of baselines for ATA on SFX variation. FAD, S-MOS, diversity,
and ImageBind-audio alignment summarize global generation quality, perceptual quality, variation diversity, and reference consistency.
Transient diagnostics measure onset-local behavior using log-mel onset-strength envelopes: FWHM Ratio measures onset broadening or
sharpening, Pre-onset A measures extra energy before the transient, and Onset Error evaluates temporal alignment. S-MOS is reported as
the mean with 95% confidence intervals over 15 raters. Best and second best on full generation methods.

Overall Quantitative Results

Transient Level Diagnostics

Methods FAD| S-MOS?T Div.T Align.t FWHM Ratio — 1 Pre-onset A— 0 Onset Err. ms|
AudioX (ICLR, 2026) 9.34 3.37 [3.08, 3.66] 0.27 0.59 0.985 -0.004 43.52
AudioLDM (ICML, 2023) 20.09 2.22[1.97,2.48] 0.43 0.39 0.969 -0.005 60.72
ThinkSound (NeurIPS, 2025) 16.51 2.57[2.25,2.89] 0.32 0.51 0.978 -0.011 53.01
T-Foley (ICASSP, 2024) 24.53 1.89 [1.62, 2.16] 0.32 0.22 1.011 0.008 63.53

* (ArXiv, NVIDIA, 2025) 4.43 4.81[4.75,4.87] 0.28 0.49 0.992 0.005 54.79

* All reported objective metrics are computed on cropped 4 s clips for all methods, except for

strongest alignment score of 0.59, and the highest S-MOS among
full-generation methods (3.37) [3.08, 3.66]. Its diversity score
is more restrained than AudioLDM (0.27), suggesting that Au-
dioX favors reference consistency over large variation, but without
collapsing to over-fitting the reference.

In contrast, AudioLDM reaches the highest diversity among
full-generation baselines (0.43), but with weaker alignment (0.39),
lower S-MOS (2.22 [1.97, 2.48]), and higher FAD (20.09), sug-
gesting identity drift. ThinkSound presents an intermediate pro-
file, with diversity (0.32), alignment (0.51), and S-MOS (2.57
[2.25, 2.89]), indicating that controlled variation does not fully
translate into stronger perceptual fidelity in this ATA setting.

Although T-Foley explicitly conditions on temporal structure
and energy, it performs poorly in the shared ATA setting, with
the highest full-generation FAD (24.53), the lowest S-MOS (1.89
[1.62, 2.16]), and weak alignment (0.22), despite diversity com-
parable to ThinkSound (0.32). This suggests that temporal-event
conditioning alone is insufficient to preserve the broader percep-
tual identity of the reference. achieves the strongest S-MOS
and FAD values, but should be interpreted separately because
its variations are restricted to short inpainted regions of 0.3-1.0's
while most of the reference remains preserved. On inpainted re-
gions, it obtains FAD (4.43), S-MOS (4.81 [4.75, 4.87]), diversity
(0.28), and alignment (0.49), confirming its strength for localized
repair rather than full ATA generation. Among the full-generation
baselines evaluated under the shared ATA setting, results indicate
that AudioX provides the strongest production-oriented compro-
mise when identity preservation and perceptual fidelity are pri-
oritized, while AudioLDM and ThinkSound expose different
diversity-identity trade-offs that are further analyzed in Sec.|4.4]

4.2. Pareto-inspired Analysis in Production Settings

Figure |2| summarizes the diversity-alignment trade-off Audi-
oLDM provides the highest diversity (R3: 0.43), but weaker
identity alignment (R2: 0.39), while AudioX reaches the
strongest alignment (R2: 0.59) with lower diversity (R3: 0.27).
ThinkSound lies between these two regimes, with R3: 0.32 and
R2: 0.51, for a moderate balance between variation and reference
consistency. T-Foley does not occupy a favorable Pareto position,
since it has diversity comparable to ThinkSound (R3: 0.32), but
much weaker alignment (R2: 0.22). The position of should
again be interpreted separately, since its generation is restricted to
a short inpainted segment rather than full-clip generation. Over-
all, the analysis confirms that higher diversity alone is insufficient
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where only inpainted regions are evaluated.
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Figure 2: Diversity—identity alignment (R3-R2) trade-off across
reference-guided SFX variation methods. Each point represents
a model positioned according to its ability to preserve reference
identity and generate diverse variations. Higher diversity and
alignment are better.

4.3. Further Qualitative Analysis

Figureprovides a visual analysis of the spectro-temporal struc-
ture and frequency behavior of the baseline generations. While
the quantitative results capture overall trends in quality, align-
ment, and diversity, the spectrogram and energy-curve visualiza-
tions reveal additional differences in local texture preservation,
temporal organization, and failure modes across methods. In
terms of spectral texture, AudioLDM shows the best-preserved
fine local structure, as highlighted by the white boxes, whereas
T-Foley generations exhibit noisier textures, attenuated high-
frequency content, and a reduced spectral range. ThinkSound and
AudioX remain closer to the reference at the event level, although
ThinkSound shows more local spectral smoothing. The transient
diagnostics support this observation: ThinkSound has an FWHM
ratio close to 1 but a moderate onset error (53.01 ms), while Au-
dioX achieves the lowest onset error among full-generation meth-
ods (43.52 ms), supporting stronger temporal organization.

These differences also appear in the temporal-energy curves.
T-Foley sometimes follows the coarse reference energy profile,
which is expected from its explicit energy conditioning, but this
does not translate into better onset-level alignment, since it has the
largest onset error among the full-generation baselines (63.53 ms).
This suggests that envelope following does not necessarily pre-

2Further Pareto-inspired analyses are provided in our web pag
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Figure 3: Qualitative comparison for the ATA variation task on the human-sound example laughing. For A’SB inpainting, the
masked and regenerated sections| between 0.3s and 1s are outlined.

spectrogram. Bottom: energy curve.

serve sound texture. A”SB preserves the global energy evolution
well because most of the reference remains unchanged, while lo-
cal transient diagnostics on the inpainted region remain close to
the reference, with a FWHM ratio of 0.992 and a pre-onset differ-
ence of 0.005. However, its inpainted regions may still introduce
localized energy changes. Overall, the qualitative analysis com-
plements the quantitative comparison by revealing method-specific
trade-offs in local texture preservation, temporal organization, and
energy behavior that are not fully captured by scalar metrics alone.

4.4. Method-specific Analysis

Tableeports compact capability-specific diagnostics under each
method’s native setting defined in Sec These results comple-
ment the shared ATA benchmark by showing where each method
is most suitable within its intended editing scope. Below, the key
observations from each method are examined in greater detail.
Table|4|shows A”SB remains strong for local repair on in-
painting task, but degrades as mask duration increases. Specifi-
cally, FAD rises from 4.74 to 7.57 and alignment stabilizes from
0.35 to 0.31, while diversity decreases from 0.39 to 0.11. This
suggests that longer masked regions are harder to reconstruct and
may reduce both consistency and variation, likely because less lo-
cal context remains available to guide the reconstruction. The tran-
sient diagnostic in our web pag further shows that both mask
regimes remain temporally stable at the onset level, but a longer
mask has a lower FWHM ratio (0.89), suggesting narrow or sharp
reconstructed transients. On the temporal-energy control and a
restricted pretraining manifold T-Foley generates noisy spectral
texture, visible in Figure This observation supports the quan-
titative results: although temporal-event conditioning can impose
coarse structure, it does not guarantee identity preservation, and re-
sulting variations show degraded fidelity and semantic consistency.
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ISimilar texture to reference| is outlined in white. Top: mel-

This behavior is explained with T-Foley’s restricted pretraining
manifold; Tableshows substantially better within-manifold per-
formance, with FAD improving from 25.75 to 13.51, S-MOS from
1.764+0.62 to 3.05£0.78, and alignment from 0.21 to 0.34, while
diversity remains stable (0.32 — 0.34). Together, these results
suggest that T-Foley’s weaker ATA performance is driven more by
fidelity, identity preservation, and domain-transfer limitations than
by onset timing alone.

Table 4: Capability-specific diagnostics under each method’s na-
tive setting. Results are diagnostic and not intended for direct
cross-method comparison.

Methods FAD| S-MOS?T Div.T Align.t

A“SB Inpainting (evaluated on 3 classes)

Mask 0.3-1.0s 4.74 - 0.39 0.35

Mask 0.3-2.0s 7.57 - 0.11 0.31

SFX morphing (evaluated on 3 classes)

AudioX lo/to 4.5776.64 - 0.10/0.26 0.77/0.64

AudioLDM | o /71 o 18.97 /24.09 - 0.34/0.56 0.40/0.15

T-Foley Restricted pretraining manifold

Seen classes (5 classes) 13.51 3.0540.78 0.34 0.34

Unseen classes (45 classes) 25.75 1.76+0.62 0.32 0.21

ThinkSound Object-centric region editing (evaluated on 5 classes)

Attenuation Mask 1.0-4.0s 9.06 - 0.19 0.67

Enhancement Mask 1.0-4.0s 9.30 - 0.21 0.64
Mask 1.0-4.0s 8.97 - 0.22 0.64

On the SFX morphing task, AudioLDM and AudioX meth-
ods follow the AudioLDM audio style transfer setup adapted
to ESC-50. Three examples are evaluated: toilet flush to children
singing, sheep to narration/monologue, and coughing to ambient
music. For smaller o values, the outputs remain closer to the ref-
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erence, whereas larger o values increase adherence to the target
text condition. Figureshows the reference audio together with
generated samples obtained at different initialization noise levels
o, which control the transfer strength. At low o, AudioX pre-
serves the source timbre and spectral structure more closely, con-
sistent with its higher alignment (0.77 vs. 0.40) and lower diver-
sity (0.10 vs. 0.34). As o increases, both methods trade align-
ment for diversity, with sharper results for AudioLDM (align-
ment 0.40 — 0.15; while diversity increases 0.34 — 0.56).
AudioX changes more progressively (alignment 0.77 — 0.64;
diversity 0.10 — 0.26). The transient diagnostic in our web
pag follows the same tendency, with onset error increasing at
higher o for both methods. This yields a clear trade-off: Au-
dioX provides smoother and more identity-preserving transfor-
mations, whereas AudioLDM produces stronger transformations
at the cost of weaker preservation of the original audio identity.

AudioX AudioLDM

(ICLR, 2026) (ICML, 2023)
04 0.5

0.3

0.6

c. Audio style transfer from cough to ambient music

Figure 4: Ablations on SFX Morphing task for AudioLDM
and AudioX on ESC-50 [16]. From left to right: the reference
audio (e.g., sheep, toilet_flush, cough) conditioned on the target
prompt with different noise levels o (transfer strength).

On object-centric editing, ThinkSound strives to refine or
modify sounds through user-specified regions and semantic in-
structions. Since the shared ATA protocol only provides restricted
class-level conditioning, we further evaluate it in its native object-
centric editing setting. Tableshows that the edited regions re-
main close to the reference, with alignment (0.64-0.67) and mod-
erate diversity (0.19-0.22).

Figurisually supports these results through light but direc-
tionally consistent fluctuations. Attenuation slightly reduces the
target transient regions, enhancement increases transient strength,
and reverberation introduces more diffuse repeated patterns. How-
ever, the editing scope remains limited in this setting. Since the
prompts are deliberately simple and the evaluated references of-
ten contain a single dominant sound event, the model has limited
semantic or acoustic structure to selectively modify. Further, the
transient diagnostic in our web pag shows reasonable local tim-
ing preservation, with onset errors between 38.3 and 43.8 ms, al-
though FWHM ratios above 1.1 suggest some transient broaden-
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ing. As a result, ThinkSound produces plausible local changes,
but the edits remain relatively subtle and do not always correspond
to strong, fine-grained acoustic transformations.
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Figure 5: Ablation on ThinkSound with object-centric local edit-
ing over masked regions of the reference crow[16]) and 3 instruc-
tions: a. Attenuation, "reduce the {class_name} volume."; b. En-
hancement, "make {class_name} sound stronger and sharper.";
and c. , "make {class_name} event more distant and
reverberant.”. |Masked and edited sections| [1 s; 3 s] are outlined.

5. DISCUSSION AND CONCLUSION

Production-ready SFX variation requires evaluating heterogeneous
generation and editing methods under shared production require-
ments. By combining a common reference-guided ATA task with
capability-specific analyses, our framework exposes key trade-offs
without reducing performance to a single score. AudioX pro-
vides the strongest overall balance among full-generation meth-
ods, while AudioLLDM favors stronger stylization and variation, T-
Foley offers temporal and energy control, A”SB supports localized
inpainting, and ThinkSound enables semantically guided editing.
Thus, no method dominates across all production needs.

These results show that generic audio-quality bench-
marks alone are insufficient for evaluating SFX variation. Our
requirement-driven protocol enables structured comparison while
preserving each method’s native strengths. Limitations include
heterogeneous pretrained configurations and the restricted scope
of ESC-50. Future work should unify realism, identity preserva-
tion, explicit control, localized editing, and efficient deployment
within a single production-oriented generative pipeline.
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