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ABSTRACT

Sound effects design involves creating and modifying sounds
to meet production requirements and creative intentions.
Text-to-audio models can support this process by generating
high-quality material from natural language descriptions, but
precise and continuous control over individual sound proper-
ties remains challenging. Procedural audio models provide
such control through explicit and meaningful parameters,
although their simplified synthesis methods can limit sound
realism. To address these limitations, this paper presents
a method for transferring continuous semantic controls from
procedural models to a pretrained neural sound effects model,
enabling parameter-based adjustment of sounds generated
from text. We train a control adapter using supervision from
paired procedural sounds to learn the changes caused by
parameter adjustments and apply corresponding changes to
neural outputs. Our evaluations across multiple sound ef-
fect categories demonstrate the effectiveness of the proposed
method.

Index Terms— Sound effects generation, Controllable
sound synthesis, Procedural audio, Adapter learning

1. INTRODUCTION

Sound designers commonly work with recordings captured
for a production or from existing sound libraries, then edit
and process them to suit the intended context. These deci-
sions reflect both production requirements and the designer’s
aesthetic preferences, allowing different sonic interpretations
of the same event. A production may require several vari-
ations, such as footsteps at different walking speeds or ex-
plosions with different decay times. Preparing suitable ma-
terial through recording and manual processing can be time-
consuming. Direct sound synthesis offers a complementary
way to produce new material and variations. However, its
practical value for sound design depends on both the sound
quality and the ability to shape their characteristics.

Neural sound effects models have shown promising
performance in generating high-quality and varied sounds.
Text-conditioned sound generation systems [1, 2, 3] allow
users to describe sound sources and their characteristics

through natural language. However, plain text provides a
discrete, descriptive interface without directly exposing con-
tinuously adjustable parameters for individual sound prop-
erties, which limits its practical application. For example,
requesting ”longer explosion decay” expresses the desired
change but does not provide a direct control over the extent
of that change. Several methods provide more explicit con-
trol through temporal envelopes and time-varying acoustic
features, which can be extracted from vocal imitations [4]
or specified directly as control curves [5]. Sound morph-
ing methods explore intermediate and hybrid sounds through
interpolation [6] and prompt manipulation [7, 8].

Procedural models (PM) offer a different way to control
sound generation through explicit parameters [9], allowing
users to generate variations through physically or perceptually
meaningful controls, but the design’s simplifying assump-
tions can limit sound realism. One approach to improving
model performance is to expose more parameters, but this
comes at the expense of reduced ease of control [10]. Sub-
sequent work [11] trained a neural synthesizer on procedural
examples and adapted it to real recordings. However, the
resulting sound quality and control ability can be sensitive to
recording quantity and diversity, sound-matching accuracy,
and parameter coverage. These dependencies can make it
difficult to extend this approach across a broader range of
sound effects.

In this paper, we propose SliderSound, a method for trans-
ferring continuous semantic controls from PM to a pretrained
text-to-audio model, allowing the control to build on existing
synthesis capabilities rather than learning realistic sound gen-
eration from limited recordings. We formulate control learn-
ing through the acoustic changes caused by parameter adjust-
ments. Differences between procedural sounds before and af-
ter an adjustment supervise corresponding changes relative to
the original neural generation. This formulation uses proce-
dural audio to specify the effect of a control without requiring
corresponding real recordings or the neural model to repro-
duce the procedural sound. A control adapter learns these
adjustments while the pretrained generator remains frozen.
We evaluate the method in three sound effect categories: ex-
plosion, footsteps, and engine, assessing the accuracy and
consistency of the learned controls and their effect on sound



quality. Audio samples are provided at https://zys711.
github.io/SliderSound/.

2. PROPOSED METHOD

SliderSound learns relative control by transferring the changes
produced by a PM to text-generated sounds. As illustrated
in Fig. 1(a), we represent the acoustic change of a param-
eter adjustment as the difference between the CLAP [12]
embeddings of the procedural sounds before and after the
adjustment, motivated by evidence that CLAP embeddings
retain perceptually relevant attributes [13]. This change is
used to construct a target relative to the text-only neural out-
put. A control adapter conditioned on the same adjustment
is trained to move the neural output’s embedding towards
this target, while the pretrained generator remains frozen. At
inference as shown in Fig. 1(c), the generator and learned
adapter generate sounds conditioned on text and the signed
parameter adjustments.

Let Gθ denote the pretrained text-to-audio generator with
frozen parameters θ, and let ϕ denote the trainable control
adapter parameters. Given a text prompt s, initial latent noise
ξ, and a signed parameter adjustment ∆c ∈ RK with the con-
trol parameter number K, the original and controlled outputs
are x0 = Gθ(s, ξ), x∆ = Gθ,ϕ(s, ξ,∆c). Each coordinate
of ∆c corresponds to a procedural control, with its sign and
magnitude specifying the requested adjustment. The adjust-
ment is relative to the original neural generation; it does not
specify an absolute procedural configuration for that sound.

2.1. Procedural Supervision

Let S(c, η) denote a PM output sound with normalized pa-
rameters c and randomness seed η. In order to learn the rela-
tive control instead of forcing the model to learn PM sounds,
we construct a bank of procedural sounds B with parame-
ter sets C = {(ci, ηi)}Ni=1 and encode them using a frozen
LAION-CLAP [14] audio encoder with unit-normalized out-
put q(S(c, η)). For a random sound effect, not all param-
eter adjustments are practically meaningful. For example, a
large portion of rumble decay cannot be removed from a short
explosion, since this component barely exists in the original
signal. Therefore, for each original neural output x0, we re-
trieve a procedural sound with similar acoustic characteristics
by maximizing cosine similarity:

(c∗, η∗) = argmax
(c,η)∈C

sim(q(x0), q(S(c, η))). (1)

The selected source remains fixed across all adjustments as-
sociated with that neural reference.

For a requested adjustment ∆c, the matched source sup-
plies an original and controlled pair: a = S(c∗, η∗), b =
S(c∗ + ∆c, η∗), The procedural embedding change defines

the target embedding q∗
∆ for the controlled neural output:

rq = q(b)− q(a),

q∗
∆ =

q(x0) + rq

∥q(x0) + rq∥2
.

(2)

As a result, the training objective is

L = ∥q(x∆)− q∗
∆∥

2
2 . (3)

2.2. Control Adapter

We select Woosh-Flow [3] as our generator backbone, and
build the adapter upon it. Woosh-Flow is trained with flow
matching in the latent space of Woosh-AE and conditioned
on text representations from Woosh-CLAP. As shown in Fig.
1(b), we insert a residual adapter Aℓ after each of its 12
transformer blocks. A shared bias-free linear control encoder
Wc maps ∆c to a 64-dimensional control embedding. Each
adapter projects transformer block representations hℓ to 32
dimensions, applies Swish [15], and multiplies the features
element-wise by a bias-free projection of the control em-
bedding, broadcast across sequence positions. A bias-free
up-projection restores the original representation dimension
before residual addition. Each block’s representation hℓ is
updated as

h′
ℓ = hℓ +Aℓ(hℓ,Wc∆c) , (4)

The bias-free control pathway ensures that an all-zero ad-
justment yields zero residuals throughout training, so zero-
parameter inputs maintain generation conditioned solely on
the input text.
2.3. Training

We follow the differentiable optimization strategy of DRaFT
[16] to train the adapter through the complete generation pro-
cess. For each training example, x∆ is generated using the
same text prompt and initial noise as the precomputed x0.
Gradients propagate through the frozen CLAP, Woosh-AE de-
coder, and all sampling steps to update only the adapters and
shared control encoder.

For footsteps training, we additionally add one aligned
temporal loss, because CLAP embeddings provide weak su-
pervision for brief changes in individual footfall envelopes.
We align a (defined in Section 2.1) with x0 during data
preparation by triggering the footfalls in a using reviewed
timestamps from x0. When generating b, non-”pace” ad-
justments preserve this schedule, while ”pace” adjustments
modify event timing and allow footfalls to enter or leave
the fixed-duration window. Using a framewise log-RMS ex-
tractor E, we compare the neural and procedural envelope
changes:

r = E(x∆)− E(x0),

r∗ = E(b)− E(a),

Lalign =
λ

T

T∑︂
n=1

|r[n]− r∗[n]|,
(5)

https://zys711.github.io/SliderSound/
https://zys711.github.io/SliderSound/


Fig. 1. Overview of SliderSound. (a) Procedural CLAP embedding changes define training targets relative to text-only outputs.
(b) Adapters add control-dependent residuals to transformer audio-token representations. (c) Inference uses text and signed
parameter adjustments.

where n indexes temporal frames, T is their total number, λ
is the weighting coefficient.

3. EXPERIMENTS

3.1. Procedural Audio Models

We evaluate the method on three sound categories and the
corresponding PMs: explosion 1, footsteps 2, and engine 3.
These models are physically inspired signal processing mod-
els, where the design concepts are derived from the imple-
mentation by Andy Farnell [17]. We select 8, 13, and 14 ex-
posed continuous control parameters, respectively, from the
explosion, footsteps and engine models. We train a separate
adapter for each sound category while retaining the same pre-
trained backbone.

3.2. Data

Training Data: For each category, we construct a procedural
sound bank that contains 20,000 procedural sounds by sam-
pling normalized parameter settings and generating 48 neu-
ral output variations using frozen Woosh-Flow with category-
specific prompts. All audio is 5 seconds long at 48 kHz. Fol-
lowing Section 2.1, each neural output is associated with one

1https://nemisindo.com/models/explosion
2https://nemisindo.com/models/footsteps
3https://nemisindo.com/models/engine-advanced

procedural sound, which remains fixed across its parameter
adjustments.

We sample 512 adjustment requests for each neural out-
put, each changing one parameter with a non-zero magnitude
of up to 0.5 within available range. Requests are balanced
across parameters and positive and negative adjustments. Ap-
plying these requests to the neural outputs gives 24,576 can-
didate training examples.

Evaluation Data: For the purpose of sound quality eval-
uation, we curate 45 explosion recordings from Pro Sound
Effects 4, 40 footsteps recordings from ESC-50 [18], and 48
recordings from a subset of HL-CEAD [19].

3.3. Baselines and Evaluation Metrics

We compare our method with the original Woosh-Flow de-
noted as Text-only; NeuralPM Supervised(interpolation) ver-
sion [11], a neural network that learns control from PM and
trains on real recording-PM sound pairs, where the valid pa-
rameter range depends on the training pairs.

We evaluated our model’s generated sound quality and
control ability. For sound quality evaluation, we adopted
Fréchet Audio Distance (FAD) [20] and Maximum Mean
Discrepancy (MMD) [21]. To assess the control capability,
we followed [11] and employed Spearman’s rank correlation
coefficient to evaluate the relationship between high-level

4https://www.prosoundeffects.com/



Table 1. Control correlations across three sound effect categories.
Explosion Footsteps Engine

Method mean↑ Boominess Brightness Roughness Depth mean↑ Hardness Brightness Depth Sharpness mean↑ Brightness Depth Roughness Warmth

SliderSound 0.817 0.781 0.925 0.725 0.836 0.453 0.320 0.889 -0.246 0.849 0.570 0.866 0.456 0.053 0.906
Text-only 0.136 -0.358 0.782 0.329 -0.208 0.338 0.451 0.515 0.455 -0.067 -0.072 0.329 -0.115 -0.289 -0.212
NeuralPM 0.659 0.557 0.496 0.695 0.887 0.188 0.248 0.361 -0.246 0.388 0.441 0.294 0.418 0.422 0.631

Table 2. Sound quality across three sound effect categories.
Explosion Footsteps Engine

Method FAD ↓ MMD ↓ FAD ↓ MMD ↓ FAD ↓ MMD ↓

SliderSound 7.943 75.818 9.030 48.104 34.097 198.969
Text-only 8.051 75.882 9.039 48.418 33.195 190.464
NeuralPM 9.992 87.653 27.275 150.747 42.336 213.160

audio features in the original PM outputs and model outputs.
The selected features for each sound category listed in Table
1 are from Audio Commons project 5.

4. RESULTS AND DISCUSSION

4.1. Sound Quality

For quality evaluation, the test set contains 128 sounds per
model and category, where random relevant description
prompts are used for Text-only, and SliderSound has the
same prompts and random valid parameters; NeuralPM has
random valid parameters only.

The sound quality results in Table 2 show that Slider-
Sound achieves lower FAD and MMD than NeuralPM across
all three sound categories, supporting the use of a pretrained
generator as the foundation for control learning. For explo-
sions and footsteps, both distances are also slightly lower than
those of Text-only. These results suggest that the adapter can
possibly build on the original model’s synthesis capabilities
while refining its output distribution toward real recordings.
One possible explanation is that procedural supervision pro-
vides plausible directions of variation, allowing parameter ad-
justments to improve distributional agreement in generated
sounds. However, the higher distances for engines indicate
that this benefit is category-dependent and that the learned
adjustments do not consistently improve sound quality.

4.2. Control Ability

For control evaluation, we vary each parameter over 20
equally spaced values within the valid range while keeping
the remaining parameters fixed for SliderSound and Neu-
ralPM, where SliderSound is the relative normalized range
[-0.5, 0.5], and NeuralPM is the absolute normalized range
[0,1]. Since Text-only does not accept numerical parame-
ters, we evaluate its control ability by appending 10 ordered

5https://audiocommons.github.io/

descriptor phrases to the prompt, such as “very short rum-
ble decay” to “very long rumble decay” for “rumble decay”,
while keeping the generation seed fixed.

For each audio feature, Table 1 reports the mean correla-
tion across all control parameters, together with the overall
mean across features. SliderSound achieves higher overall
means than Text-only and NeuralPM across all three cat-
egories, suggesting that procedural supervision provides a
more consistent relationship between requested adjustments
and acoustic variations than ordered text descriptions alone.
However, the higher mean conceals uneven performance:
footstep brightness and sharpness show strong correspon-
dence, while hardness performs below Text-only and depth is
negatively correlated.

At the parameter level, some controls also behave un-
expectedly. For example, for footsteps, varying the pace
parameter did not change the number of footfalls within
the fixed-duration output, despite supervision from both the
CLAP and aligned temporal losses. Text-only successfully
changes stepping pace, although precisely specifying the
amount of change through text remains difficult. Modify-
ing the prompt may also affect other sound characteristics.
One significant limitation is that CLAP embeddings may
not adequately represent all acoustic and temporal changes
relevant to control. Audio representations more sensitive to
these changes may improve control learning. Furthermore,
strong correspondence with the PM over the high-level audio
features does not establish whether the model learns the in-
tended sound variation or reproduces changes associated with
artifacts introduced by the PM’s design defects. Distinguish-
ing meaningful control effects from such artifacts remains an
important direction for improving the reliability of procedural
control transfer.

5. CONCLUSION

We presented SliderSound, a method that combines meaning-
ful controls from procedural audio models with the generation
capabilities of a pretrained text-to-audio model. A control
adapter learns relative acoustic changes from paired proce-
dural sounds, enabling continuous parameter adjustments to
text-generated outputs. Experiments on multiple sound ef-
fects demonstrate improved average control correspondence
compared with Text-only and NeuralPM while largely re-
taining the original generation quality. This integration of
procedural control and pretrained neural generation offers a
promising approach to achieving both control and realism in
sound effects design.
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