
augmentation configurations outperform RMS-only, with the three-
way configuration delivering the strongest gains across nearly
all metrics (with slightly lower but still competitive intermediate-
ness, reflecting a trade-off with correspondence and directionality).
It also yields the lowest FAD score, indicating high-quality gener-
ations. Including “None” as a fourth branch reduces performance
across metrics. Qualitatively, the three-way configuration produces
the most natural and well-blended infusions; the two-way and four-
way branches both yielding more mix-like outputs. We thus adopt
this three-way augmentation model, trained at t ∈ [0.5, 1], as our
final training setup for downstream evaluation, i.e. Mix2Morph.

4.5. Baselines for Comparison

We compare Mix2Morph against five baselines: (i) base model, (ii)
simple waveform mixing, (iii) latent granular resynthesis (LGrS)
[10], (iv) MorphFader [12], and (v) SoundMorpher [7]. For sim-
ple mixing, the primary and secondary sources are generated inde-
pendently with the base model (without Mix2Morph finetuning) and
then mixed. LGrS is included as it explicitly addresses sound in-
fusion; we re-implement it using a 48 kHz VAE (the same as our
base diffusion model) instead of the original 44.1 kHz DAC and pro-
vide it with the same input pairs as simple mixing. MorphFader
requires paired text prompts (e.g., “alien voice” and “lion roaring”),
which we adapt for infusion-style comparisons, while SoundMor-
pher functions as an audio-to-audio method with only auxiliary text
conditioning, so we provide it with the same input pairs as LGrS and
mixing. We note that Mix2Morph, LGrS, and simple mixing operate
at 48 kHz, whereas MorphFader and SoundMorpher are restricted to
16 kHz as an artifact of AudioLDM2.

4.6. Quantitative Results

Shown in Table 1, Mix2Morph consistently outperforms all base-
lines. It achieves higher correspondence and intermediateness than
LGrS, MorphFader, and SoundMorpher while maintaining posi-
tive directionality, whereas the latter two collapse to near-zero or
negative scores (though expected since they were not designed for
infusion). Simple mixing attains high correspondence (0.758) but
near-zero directionality, confirming it produces overlays rather than
coherent morphs. Mix2Morph also yields higher LCS than the
base model and mixing baselines (0.141 vs 0.127–0.136), indicating
stronger morph tendencies, though slightly lower than LGrS and
SoundMorpher, which is expected given their more aggressive latent
operations. However, LGrS and SoundMorpher both tend to show
lower correspondence, i.e., effectively producing morphs, but ones
that are less perceptually coherent, whereas Mix2Morph achieves
a better balance between morph strength and perceptual fidelity.
Relative to the unmodified base model, Mix2Morph improves corre-
spondence (0.721 vs 0.678) and intermediateness (0.672 vs 0.611),
reduces directionality (0.296 vs 0.525), and raises LCS (0.141 vs
0.136), effectively reorienting the base model from its single-source
bias toward more balanced blends that still preserve the primary
sound’s identity. Overall, Mix2Morph delivers the best balance
of semantic coherence and perceptual relevance without sacrific-
ing fidelity, enabling more coherent and perceptually balanced
infusions than both the base model and prior baselines.

4.7. Subjective Evaluation

We conducted a listening test with N = 25 participants (inc. au-
dio producers, musicians, researchers, content creators, and enthu-
siasts). From the 100 infusion prompts in §4.1, we randomly select

Fig. 2: Listener Study Results: Mix2Morph achieves the highest
morph rate, with MOS skewed toward higher values.

20. To mitigate rater fatigue, we limit evaluation to three external
baselines: simple mixing, LGrS [10], and MorphFader [12] (exclud-
ing SoundMorpher due to redundancy with AudioLDM2 and high
computational cost).

Given a generated sound infusion and its target infusion prompt
(e.g., “behavior of a dog barking with timbre like a car horn”),
we asked participants to score each generated output on this ques-
tion: How successfully does the audio capture the morphing prompt
above? using a 1-5 Likert scale, where 5 is best. Participants were
also asked to label each generated output as one of the following:
a Morph, a Mix, or Single-Concept. Each participant evaluated 80
morphs (4 models × 20 prompts), randomized per subject.

We report audio type labels and Mean Opinion Score (MOS)
in Fig. 2. A repeated-measures ANOVA showed a significant main
effect of model on MOS (F (3, 72) = 76.4, p < 0.001). Tukey tests
confirmed that Mix2Morph scored significantly higher than LGrS
and MorphFader (both p < 0.001). The morph rate is the percent-
age of generated outputs labeled Morph. Mix2Morph achieved the
highest morph rate (77%) and MOS (3.52 overall; 4.00 morph-
MOS), consistent with its strong objective metric scores (§4.6).
LGrS produced a similar morph rate (71%) but much lower qual-
ity (MOS = 2.09), reflecting weaker perceptual coherence despite
decent correspondence in objective scoring. Simple mixing was
often judged as mixes (64%) but still reached moderate MOS (3.13
overall; 3.79 morph-MOS), suggesting it can suffice for certain in-
fusion types (e.g., impact sounds with aligned onsets). Consistent
with objective scores, MorphFader reached a morph rate of 35%,
producing more single-concept and mix-like outputs, and the lowest
MOS (1.73), likely due to its 16kHz backbone. Overall, Mix2Morph
outperformed all baselines in MOS and morph frequency.

5. CONCLUSION

We introduce Mix2Morph, a TTA model that leverages surrogate
mixes to adapt pretrained audio diffusion models for morphing
without a dedicated morph dataset. By leveraging augmented mixes
as noisy training data at higher diffusion timesteps, Mix2Morph
achieves consistent improvements in morphing quality across both
objective and subjective evaluations, outperforming existing base-
lines. This represents a substantial step toward more controllable
and concept-driven tools for sound design. Future work may explore
more intuitive control mechanisms (e.g., audio-to-audio).
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MIX2MORPH: LEARNING SOUND MORPHING FROM NOISY MIXES
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Evaluating Sound Infusions: Morph Metrics

Results: Listening Study (N=25) and Objective Metrics
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Directionality
X like Y > Y like X?
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Mix2Morph 
ablations 

Best Mix2Morph Model
3-way augmentation at [0.5,1]

Mix2Morph >>
More perceptually coherent 
midpoint sound infusions

vs Baselines
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base - - - - - - 0.136 0.678 0.611 0.525 1.219

+Timestep
Allocation

0 1 � � � � 0.128 0.699 0.646 0.173 1.230
0.25 1 � � � � 0.143 0.705 0.658 0.278 1.235
0.5 1 � � � � 0.141 0.721 0.672 0.296 1.221

0.75 1 � � � � 0.134 0.717 0.653 0.364 1.225

+Augmentation
Mode

0.5 1 � � � � 0.135 0.700 0.623 0.363 1.226
0.5 1 � � � � 0.150 0.725 0.648 0.436 1.220
0.5 1 � � � � 0.143 0.712 0.650 0.349 1.222

Simple Mixing - - - - - - 0.132 0.758 0.690 -9.25e-13 1.293
LGrS - - - - - - 0.173 0.539 0.638 -0.119 1.290
MorphFader - - - - - - 0.085 0.418 0.421 -9.72e-13 1.430
SoundMorpher - - - - - - 0.242 0.591 0.641 -9.64e-13 1.380
Mix2Morph 0.5 1 � � � � 0.150 0.725 0.648 0.436 1.220

Table 2: Ablation results (above) and baseline comparisons (below).
Best scores bolded, second-best underlined (per section).
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