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Abstract

While Diffusion Transformers (DiT) have ad-
vanced non-autoregressive (NAR) speech syn-
thesis, their high computational demands re-
main a limitation. Existing DiT-based text-to-
speech (TTS) model acceleration approaches
mainly focus on reducing sampling steps
through distillation techniques, yet they re-
main constrained by training costs. We intro-
duce DiTReducio, a training-free acceleration
framework that compresses computations in
DiT-based TTS models via progressive calibra-
tion. We propose two compression methods,
Temporal Skipping and Branch Skipping, to
eliminate redundant computations during infer-
ence. Moreover, based on two characteristic
attention patterns identified within DiT layers,
we devise a pattern-guided strategy to selec-
tively apply the compression methods. Our
method allows flexible modulation between
generation quality and computational efficiency
through adjustable compression thresholds. Ex-
perimental evaluations conducted on F5-TTS
and MegaTTS 3 demonstrate that DiTReducio
achieves a 75.4% reduction in FLOPs and im-
proves the Real-Time Factor (RTF) by 37.1%,
while preserving generation quality. The
code is available at https://github.com/
iHateTheWorld555/DiTReducio.

1 Introduction

Recent advances in TTS synthesis have enabled the
generation of highly realistic and natural speech,
with applications including virtual assistants, au-
diobooks, and digital avatars. The autoregressive
(AR) models (Chen et al., 2024a; Du et al., 2024;
Zhou et al., 2024; Wang et al., 2025b; Deng et al.,
2025; Zhou et al., 2025; Peng et al., 2025) and
NAR TTS (Mehta et al., 2024; Wang et al., 2024;
Zhu et al., 2025; Huynh-Nguyen et al., 2025) have
demonstrated robust zero-shot capabilities, espe-
cially those based on DiT (Ju et al., 2024; Chen
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et al., 2024b; Eskimez et al., 2024; Jiang et al.,
2025; Qiang et al., 2025) achieve accelerated in-
ference while maintaining audio generation qual-
ity through high-performance computational par-
allelization. These benefits have facilitated their
widespread adoption in real-world applications.

Despite their benefits, DiT-based models fun-
damentally face architectural limitations. While
effectively capturing long-range dependencies, the
Transformer’s self-attention mechanism results in
quadratic time and space complexity. This compu-
tational burden is further exacerbated by the multi-
step denoising process and Classifier-Free Guid-
ance (CFG) techniques (Ho and Salimans, 2022)
employed in these models. While some lightweight
DiT-based TTS systems have achieved efficient
inference, their computational requirements still
exceed the limits of on-device deployment and real-
time interactive applications, highlighting the need
for inference acceleration methods.

Prior works address these computational chal-
lenges through three main approaches: (1) optimiz-
ing sampling using advanced samplers or distilla-
tion to reduce inference steps (Lu et al., 2022a,b;
Salimans and Ho, 2022); (2) applying model com-
pression techniques such as quantization and prun-
ing (Shang et al., 2023; Wan et al., 2025); and (3)
implementing attention mechanism optimizations,
such as sparse attention (Zaheer et al., 2020; Has-
sani et al., 2023) and token-wise methods (Bolya
and Hoffman, 2023; Saghatchian et al., 2025) that
may face compatibility issues with FlashAtten-
tion (Dao et al., 2022). While numerous innova-
tions in efficient inference (Yuan et al., 2024; Zhang
et al., 2025b,a) have emerged in image and video
generation, comparable advancements in TTS re-
main limited, highlighting a critical research gap.

Our goal is to develop a training-free approach
for quality-controllable acceleration in DiT-based
TTS models. Inspired by prior observations of
computational redundancies in the DiT architec-
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Figure 1: Overview of DiTReducio. In the Check Phase, we identify a subset of highly temporally redundant
layer-step pairs by detecting diagonal-like attention patterns. In the Pre-Calibration Phase, we apply TS to those
identified pairs and retain only those for which the resulting output loss remains below a dynamical threshold.
Finally, in the Calibration Phase, both TS and BS are applied across all layer-step pairs under the same loss constraint.
This procedure yields a model-specific inference acceleration strategy.

tures (Yuan et al., 2024), we systematically investi-
gate two key phenomena.

Firstly, through detailed analysis of DiT archi-
tectures, we identify two notable forms of com-
putational redundancy manifested during model
inference at specific layer-timestep combinations
(referred to as layer-step pairs below): Tempo-
ral Redundancy, found across adjacent timesteps,
and Branch Redundancy, existing between condi-
tional and unconditional branches. We then intro-
duce two tailored strategies: Temporal Skipping
(TS) and Branch Skipping (BS), to exploit these
redundancies by reusing cached computations.

To further investigate the underlying mecha-
nisms of these redundancies, we analyze attention
heatmaps in specific layer-step pairs and uncover
two distinct patterns, diagonal-like patterns and
striped patterns. The diagonal-like patterns are
characterized by tokens primarily attending to their
neighboring tokens, demonstrate high temporal re-
dundancy, Correspondingly, we conjecture that the
striped patterns represent a mechanism for global
information aggregation. In contrast, striped pat-
terns appear to establish dependencies across the
entire sequence. Our empirical analysis indicates
these patterns are less redundant and crucial for
generation quality.

Building on these insights, in this paper, we pro-
pose DiTReducio, a systematic progressive calibra-
tion framework for efficient DiT-based TTS infer-
ence. As Figure 1 shows, the framework operates
through the following sequential phases:

1. Check Phase: Identifying layer-step pairs
exhibiting diagonal-like attention patterns as
highly temporally redundant.

2. Pre-Calibration Phase: Applying TS selec-
tively to the marked layer-step pairs.

3. Calibration Phase: Building upon the pre-
calibrated model, applying both TS and BS
across all layer-step pairs while preserving
generation quality.

Experimental results demonstrate that our ap-
proach can achieve a 1.6× improvement in RTF
while maintaining controllable generation qual-
ity. As a training-free and plug-and-play solution,
DiTReducio can seamlessly integrate with exist-
ing acceleration methods. Also, the framework’s
adaptability in balancing acceleration and quality
preservation makes it particularly advantageous for
large-scale TTS deployments.

2 Related Work

2.1 DiT-based Speech Synthesis

Diffusion Models have emerged as a powerful
paradigm in speech synthesis, offering high-fidelity
generation distinct from autoregressive approaches.
With the introduction of DiT (Peebles and Xie,
2023), diffusion-based speech synthesis has en-
tered a new and promising phase. These mod-
els (Lee et al., 2024; Eskimez et al., 2024; Chen
et al., 2024b; Jiang et al., 2025; Du et al., 2025)
fully exploit the structural parallelism of Trans-
former architectures within the latent diffusion
framework, achieving efficient training and infer-
ence, along with robust zero-shot speech gener-
ation. This dual advantage of computational ef-
ficiency and reliable generation has made them
well-suited for integration with multi-modal large
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language models (Xu et al., 2025; AI et al., 2025)
in practical applications.

2.2 Acceleration of Diffusion Model
Despite the excellent performance of diffusion
models in generation tasks (Xie et al., 2025), their
inherent multi-step denoising nature leads to high
computational costs, limiting their deployment in
real-time interactive scenarios.

Current mainstream acceleration methods pri-
marily include model distillation, sampler opti-
mization, quantization, and pruning. Among these,
model distillation (Salimans and Ho, 2022; Sauer
et al., 2024) techniques transfer the capabilities
of complex teacher models to lightweight stu-
dent models and reduces sampling steps, which
is also the dominant acceleration strategy in speech
synthesis (Huang et al., 2022; Li et al., 2024;
Guan et al., 2024; Zhu et al., 2025; Wang et al.,
2025a). However, such methods require addi-
tional training overhead and depend on the per-
formance of the teacher model. Improvements to
samplers (Lu et al., 2022a,b) optimize noise sched-
ules and achieve generation quality comparable to
that of thousand-step sampling with significantly
fewer sampling steps. These methods have the ad-
vantage of being training-free and are relatively
mature. While quantization (Li et al., 2023; He
et al., 2023) and pruning (Castells et al., 2024) can
improve inference efficiency, they lead to unpre-
dictable generation quality degradation.

Some works in image and video generation focus
on optimizing the attention mechanism and propose
token-wise acceleration algorithms (Bolya et al.,
2022; Kong et al., 2022; Xing et al., 2024). How-
ever, these methods require training a token selector
or calculating attention heatmaps at each inference
step, which causes compatibility issues with effi-
cient computation libraries such as FlashAttention,
and their high implementation complexity limits
practical applications.

While training-free and plug-and-play accelera-
tion has flourished in vision, comparable advance-
ments remain limited in speech synthesis. Closest
to our work are DiTFastAttn (Yuan et al., 2024)
and BlockDance (Zhang et al., 2025b). How-
ever, DiTFastAttn employs a greedy search strat-
egy mainly focusing on attention modules, which
tends to yield suboptimal compression strategies.
BlockDance operates at a coarse granularity (layer-
skipping) and introduces an auxiliary reinforce-
ment learning network, which is even larger than

some lightweight TTS models, thus failing to be
strictly training-free. In contrast, DiTReducio tar-
gets both attention and feed-forward modules via
a fine-grained layer-step pruning strategy. By in-
troducing a pattern-guided pre-calibration phase, it
avoids the local optima inherent in greedy methods
while remaining training-free.

3 Method

3.1 Overview

In this section, we present the methodology of
DiTReducio. We systematically investigate the
Temporal Redundancy and the Branch Redun-
dancy, and introduce corresponding compression
methods (Sec. 3.2). We then analyze the attention
patterns within DiT layers and demonstrate their
correlation with temporal redundancy across layer-
step pairs (Sec. 3.3). Finally, we propose DiTRe-
ducio, a progressive calibration framework that iter-
atively explores compression opportunities through
three inference passes (Sec. 3.4). The framework
records effective acceleration strategies based on
observed redundancy, enabling plug-and-play de-
ployment in DiT-based speech synthesis.

3.2 Compression Methods

Redundant computations during diffusion model in-
ference pose a major bottleneck to inference speed.
Previous studies (Ma et al., 2024a; Zhao et al.,
2024) have shown that diffusion models for image
and video generation exhibit substantial temporal
redundancy across multiple timesteps. In our work,
we demonstrate that diffusion models for speech
synthesis similarly exhibit extensive temporal re-
dundancy and, under CFG, also display measurable
branch redundancy.

Temporal redundancy Temporal redundancy
refers to a high similarity between the outputs of a
given module at adjacent timesteps during model
inference. Figure 7 in Appendix A.3 shows cosine
similarity heatmaps for F5-TTS and MegaTTS 3
reveal that outputs from both attention and feed-
forward modules remain highly consistent across
adjacent timesteps.

Based on this, we introduce the Temporal Skip-
ping (TS) strategy. As illustrated in Figure 2, TS
caches an output from a specific module at the pre-
ceding timestep and reuses it in subsequent steps to
avoid temporally redundant computation. Formally,
let Ot denote the output of a module at timestep t.
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Figure 2: Comparison of the workflows of TS, BS. The cache is updated only when TS is not applied by the
corresponding module.

Under TS, we have:

Ot = Ot−1. (1)

Branch redundancy Branch redundancy arises
in CFG-based diffusion models when the condi-
tional branch output Oc

t and the unconditional
branch output Ou

t of a module at a given timestep
are highly similar. Figure 8 in Appendix A.3 con-
firms that high branch similarity manifests at spe-
cific layer-step pairs across multiple modules.

To address this, we propose the Branch Skip-
ping (BS) strategy. While the high similarity sug-
gests the potential for acceleration, simply replac-
ing the unconditional branch with the conditional
one can aggravate CFG-induced oversaturation and
artifacts (Sadat et al., 2024), manifesting as audible
clipping in synthesized speech. This issue is fur-
ther compounded by the diverse conditional signals
inherent to TTS (e.g., text and timbre). Therefore,
unlike direct replacement, BS employs a Branch
Residual mechanism to preserve these essential
details. As shown in Figure 2, under BS, only
the conditional branch is executed, and the uncon-
ditional branch output for the current timestep is
reconstructed using the conditional branch output
and the branch residual (computed as the difference
between the cached unconditional and conditional
branch outputs). Let the output of a module at
timestep t be Ot = Concat

(
Oc

t , O
u
t

)
, under BS,

the output becomes

Ot = Concat
(
Oc

t , O
u
t−1 −Oc

t−1 +Oc
t

)
, (2)

This formulation skips the redundant branch
computation while ensuring that the resulting out-
put closely approximates the original.

3.3 Attention Pattern

Early identification and application of TS on tempo-
rally redundant layer-step pairs avoids forcing them
into suboptimal compression strategies during the
subsequent greedy-based calibration phase. There-
fore, we focus on developing accurate methods for
detecting such redundancy. In fact, the degree of
temporal redundancy depends not only on the inter-
val between timesteps but also on the distinct func-
tional roles of internal layers in generation tasks.
DeepCache (Ma et al., 2024b) observed that shal-
low layers in diffusion models construct the overall
outline, whereas deeper layers are responsible for
synthesizing fine details. In our work, we further
explore the relationship between the attention pat-
terns of each layer in the DiT and the distinct func-
tional roles of those layers in the inference process,
leveraging this connection to efficiently identify
highly temporally redundant layer-step pairs.

The attention heatmaps in the DiT layers ex-
hibit two distinct patterns, diagonal-like and striped.
These patterns indicate potential functional distinc-
tions among layer-step pairs. Figure 3 presents
these patterns during inference in the F5-TTS
model: (a) shows the diagonal-like pattern for layer
5 at timestep 0, while (b) displays the striped pat-
tern for layer 2 at timestep 26. In the context of
speech synthesis, the diagonal-like patterns sug-
gest a focus on local acoustic refinement, such
as prosody and spectral details, thereby enhanc-
ing speech fidelity and clarity. Conversely, we
hypothesize that striped patterns function as at-
tention anchors, broadcasting information across
the sequence to establish long-range dependencies,
which are crucial for preserving the structural co-
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herence of the synthesized speech.

(a) Diagonal-like Pattern (b) Striped Pattern

Figure 3: Attention Patterns in F5-TTS inference: (a)
Diagonal-like patterns in both conditional and uncondi-
tional branches. (b) Striped patterns in both branches.

To further analyze the diagonal-like attention
pattern, we collected the cosine similarity between
attention heatmaps and diagonal matrices, as well
as the corresponding temporal redundancy across
all layer-step pairs in F5-TTS. The greater the simi-
larity is, the more closely the layer-step pair aligns
with a diagonal-like pattern. For layer l at timestep
t, let O denote the original output of the model and
Ol,t represent the final model output when layer
l uses the cached output from the timestep t − 1
instead of recomputing it at the current timestep
t. Based on these outputs, we define the temporal
redundancy as:

Rl,t = 1− 1

b · n · d
b∑

k=1

n∑

i=1

d∑

j=1

||Ok,i,j −O′
k,i,j ||1, (3)

where b denotes the batch size, n the sequence
length, and d the feature dimension. This metric
measures the mean absolute error between O and
Ol,t. Layer-step pairs with redundancy above 0.9
are marked as highly temporally redundant. Fig-
ure 4 illustrates the percentage of temporally re-
dundant layer-step pairs in each similarity interval
in F5-TTS. At lower similarity, specifically below
0.1, the percentage of redundant pairs remains rela-
tively low, fluctuating between 75% and 90%. As
the similarity increases from 0.1 to 0.35, the redun-
dancy percentage exhibits a notable upward trend,
reaching a peak of nearly 100% between 0.15 and
0.35. The phenomenon suggests a tendency that:
(1) DiT layers exhibiting the diagonal-like patterns
are more likely to demonstrate higher temporal re-
dundancy during inference; (2) conversely, layers
with striped patterns tend to exhibit lower temporal
redundancy.

Figure 4: Percentage of temporally redundant layer-
step pairs in each similarity interval in F5-TTS.

3.4 DiTReducio

Previous studies (Sun et al., 2024) analyzed the
computational redundancy of prevalent DiT rela-
tive to their inputs, revealing that internal redun-
dancy patterns are input-agnostic, depending pri-
marily on model architecture and model parame-
ters rather than specific input content. This prop-
erty enables the construction of model-agnostic
acceleration strategies via a limited number of in-
ference runs. Accordingly, we introduce DiTRe-
ducio, which achieves remarkable acceleration by
performing only three iterative inference passes and
trades off quality and speed with a predefined com-
pression threshold. DiTReducio comprises three
phases: Check Phase, Pre-Calibration Phase,
and Calibration Phase.

Check Phase The goal of this phase is to mark
highly temporally redundant layer-step pairs be-
fore calibration. Leveraging the correlation be-
tween attention patterns and redundancy revealed
in Sec. 3.3, we compute the cosine similarity sl,t
between each layer’s attention heatmap and the
identity matrix before the forward of layer l at step
t. After inference, all sl,t values are sorted in de-
scending order, and the top q% highest-similarity
layer-step pairs are marked.

Pre-Calibration Phase This phase performs a
preliminary calibration based on the Check Phase
results. Its procedure mirrors that of the Calibration
Phase, except that (1) only the marked layer-step
pairs are considered, and (2) only the TS is applied,
without the BS. The ablation studies in Sec. 4.3
verify that this phase substantially improves the
quality of the resulting acceleration strategy.
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Algorithm 1: Calibration Phase of DiTReducio
Input :Model M , Calibration threshold δ, total number of layers L
Output :Strategy table strategy_table[T ][L]
Initialize strategy_table as a T × L matrix filled with NONE;
During the sampling process of the model, at each timestep t:
for layer l← 1 to L do

for method m ∈ {TS,BS} do
O ← model output at timestep t without compression at layer l;
O′ ← model output at timestep t with method m applied to layer l;
ϵ← 1

n

∑ |O −O′|, where n is the number of elements in the tensor;
if ϵ < l

L · δ then
Update strategy_table[t][l]← m;

Calibration Phase This phase performs a
comprehensive calibration following the Pre-
Calibration Phase. Since the impact of compress-
ing deep layers is greater than that of compress-
ing shallow layers, under a given global calibra-
tion threshold δ, we introduce a dynamic threshold
that controls the computational compression for the
layer-step pair (l, t) using the threshold l

Lδ, where
L is the total number of layers in the DiT. The
algorithm is outlined in Algorithm 1. During the
model’s inference at step t, for layer l, we first com-
pute the entire model output O without applying
any acceleration strategy to pair (l, t). Then we
sequentially apply both TS and BS strategies to the
attention and feed-forward modules of the layer
to obtain the compressed output O′, prioritizing
TS due to its higher computational savings. Next,
we compute the mean absolute error between O
and O′. If this value is less than the threshold l

Lδ,
we record the applied strategy used for (l, t); other-
wise, we record that no acceleration strategy is used
for (l, t). Notably, if (l, t) has been selected for TS
application during the Pre-Calibration Phase, we
skip the calibration for that pair.

4 Experiments

4.1 Settings

Model We evaluate DiTReducio on F5-
TTS (Chen et al., 2024b) and MegaTTS 3 (Jiang
et al., 2025), both of which employ DiT for
speech synthesis. To implement our compression
method, we make several modifications to the
model. Implementation details are provided in the
Appendix A.1.

Dataset & Task We utilize the LibriSpeech-PC-
test-clean subset (Meister et al., 2023) compris-
ing 1,127 samples, following F5-TTS. We assess
the performance of the model under DiTReducio
within the cross-sentence task paradigm, where
models generate speech with consistent speaker
characteristics based on a reference text, a speaker
prompt, and a corresponding transcription.

Metric We adopt the evaluation metrics from
F5-TTS to assess generation quality. The speaker
similarity-objective (SIM-o) is computed using the
WavLM-large-based model (Chen et al., 2022) to
compute cosine similarity between features ex-
tracted from synthesized and reference audio. The
Word Error Rate (WER) is calculated by comparing
the reference text against transcriptions generated
by Whisper-large-v3 (Radford et al., 2023). For
perceptual quality, we conducted a Mean Opinion
Score (MOS) evaluation focusing on the baseline
(T0) and the optimal compression threshold (T4)
for both F5-TTS and MegaTTS 3. Detailed exper-
imental protocols regarding the subjective evalu-
ation are provided in Appendix A.2. To evaluate
acceleration performance, we adopt the RTF to
quantify inference speed, and use the total floating-
point operations (FLOPs) as an indicator of com-
putational costs. For F5-TTS, the RTF is measured
based on the model’s total inference time. For
MegaTTS 3, only the DiT inference time is consid-
ered, as DiT is not the sole bottleneck in the overall
inference pipeline.

Evaluation Results are averaged over 5 random
seeds. For both F5-TTS and MegaTTS 3, we eval-
uate 6 distinct compression thresholds (denoted as
T1 through T6 in ascending order, where T0 repre-
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Model Metric Threshold

T0 T1 T2 T3 T4 T5 T6

F5-TTS

SIM-o 0.640 0.640 0.637 0.629 0.618 0.610 0.590
WER (%) 2.636 2.655 2.564 2.643 2.634 2.661 2.900

RTF 0.178 0.165 0.149 0.138 0.129 0.120 0.112
Ops Ratio (%) 100.00 82.59 66.38 55.09 45.58 39.26 34.42

MegaTTS 3

SIM-o 0.750 0.750 0.748 0.743 0.734 0.691 0.626
WER (%) 3.112 3.112 3.110 3.073 3.095 3.133 3.030

RTF 0.396 0.395 0.359 0.287 0.224 0.176 0.156
Ops Ratio (%) 100.00 98.87 88.02 68.19 48.94 33.88 27.52

Table 1: Performance comparison between F5-TTS and MegaTTS 3 under varying compression thresholds.
The bold column (T4) represents the optimal threshold, at which the models achieve substantial acceleration while
maintaining generation quality within acceptable bounds. Ops Ratio denotes the ratio of FLOPs after compression
relative to the baseline (uncompressed) model, indicating the extent of computational reduction. The data is
evaluated on a single Nvidia 3090 GPU.

sents the uncompressed baseline). The thresholds
are uniformly distributed, with maximum values
of 0.3 and 1.2 for F5-TTS and MegaTTS 3, and
the maximum threshold resulting in approximately
10% degradation in SIM-o. In the Check Phase, we
identify the top 10% of layer-step pairs as highly
temporally redundant pairs.

Table 2: Subjective Mean Opinion Score (MOS) eval-
uation. The Acceleration Ratio is calculated based on
the RTF reduction.

Model Threshold MOS (↑) Speedup

F5-TTS T0 3.93 ± 0.12 1.00×
T4 3.90 ± 0.11 1.37×

MegaTTS 3 T0 3.98 ± 0.09 1.00×
T4 3.94 ± 0.08 1.76×

4.2 Results
DiTReducio significantly accelerates inference
while maintaining high fidelity in both objective
and perceptual metrics. As shown in Table 1,
for F5-TTS, applying lower thresholds yields sub-
stantial RTF reductions (e.g., 16.5% at T2) with
acceptable quality loss. Even at maximum com-
pression (37.0% reduction), degradation remains
moderate. MegaTTS 3 exhibits a similar robust tra-
jectory, preserving generation quality across most
thresholds while notably improving efficiency. Ta-
ble 2 confirms that at the optimal threshold (T4),
DiTReducio achieves speedups of 1.37× for F5-
TTS and 1.76× for MegaTTS 3, with no significant
drop in listening quality compared to the baseline.

The selection of compression thresholds is
critical. Our analysis reveals an interesting

threshold-dependent behavior: from lower to mod-
erate thresholds (T2 to T4), increasing the threshold
yields considerable speedup with minimal quality
degradation. However, at higher threshold levels
(T5 to T6), the marginal acceleration benefits di-
minish while quality degradation becomes more ev-
ident. This phenomenon suggests that compression
approaches its theoretical limit around T4, beyond
which further threshold increases may incorrectly
identify essential computations as redundant. With
appropriate threshold selection, DiTReducio effec-
tively balances inference acceleration and genera-
tion quality. Furthermore, different models exhibit
varying sensitivities to threshold settings: the F5-
TTS shows quality degradation at a compression
threshold of 0.3, while MegaTTS 3 retains quality
up to a threshold of 0.4, where it achieves notable
compression gains.

4.3 Ablation Study

In this section, we investigate the impact of the
Check Phase, Pre-calibration Phase, and compres-
sion strategies on DiTReducio’s performance. Ad-
ditionally, to validate the necessity of the branch
residual mechanism, we compare our approach
with direct branch replacement strategies as em-
ployed in DiTFastAttn to demonstrate its superior-
ity in preserving generation quality.

The Check Phase and Pre-Calibration Phase
are critical for identifying effective acceleration
strategies. As evidenced in Figure 5, omitting
the first two phases of DiTReducio leads to signif-
icant degradation in both generation quality and
inference speed for F5-TTS under equivalent com-
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Figure 5: Ablation study on F5-TTS. PRE represents the Check Phase and the Pre-Calibration Phase.

pression thresholds. These findings confirm that
these phases guide the Calibration Phase toward a
superior strategy combination.

TS strategy is crucial for achieving effective
acceleration. As shown in Figure 5, ablation re-
sults demonstrate that applying only the Branch
Skipping (BS) strategy to F5-TTS maintains speech
quality. However, further increases in the compres-
sion threshold yield diminishing returns in accel-
eration beyond T3. This highlights the intrinsic
limitations of relying solely on the BS strategy for
acceleration.

BS strategy is essential for maintaining gen-
eration quality. As shown in Figure 5, while only
applying the TS strategy achieves greater acceler-
ation of F5-TTS, it significantly degrades audio
quality. For F5-TTS, employing TS alone leads
to a substantial decrease in SIM-o at equivalent
compression thresholds, with WER even reaching
23.06% at the maximum threshold, indicating loss
of conditional information during inference.

Branch Residual Mechanism is vital for BS
Strategy. As illustrated in Figure 6, although all
three variants achieve comparable inference ac-
celeration (RTF), their generation quality differs
significantly. The Uncond-Replace variant suffers
from severe degradation in both SIM-o and WER.
Furthermore, while Cond-Replace alleviates the
issue, it still yields inferior metrics compared to
our approach. In contrast, our method consistently
maintains the generation quality at high thresholds,
verifying that the branch residual is essential for
recovering guidance details that are otherwise lost
in direct replacement.
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Figure 6: Ablation study of branch replacement
strategies on F5-TTS.

5 Conclusion

In this paper, we present a training-free accelera-
tion approach for DiT-based TTS models, which
derives a persistent acceleration strategy through a
progressive calibration process. We observe tem-
poral redundancy and branch redundancy in model
inference, and develop corresponding strategies to
exploit them effectively. We analyze the relation-
ship between attention patterns and temporal re-
dundancy in a specific layer-step pair, and develop
a calibration framework that effectively identifies
and compresses internal redundancies in a model-
specific manner. Our experimental results verify
that DiTReducio accelerates inference at no train-
ing cost while maintaining generation quality.
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Limitations

Firstly, the applicability of DiTReducio is primarily
constrained to DiT-based speech synthesis models,
which limits its generalization to other model ar-
chitectures. Additionally, the framework demands
high-quality calibration audio for optimal perfor-
mance.
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A Appendix

A.1 Implementation Details

For F5-TTS, we optimize the DiT implementation
by integrating the conditional and unconditional
branch computations into a single forward pass.
Specifically, we concatenate conditional and un-
conditional inputs into a single batch. This modifi-
cation allows the BS strategy to be applied while
retaining functional equivalence with the original
dual-pass method.

For MegaTTS 3, which employs multi-condition
classifier-free guidance, we adapted the BS strategy
to accommodate its dual conditional branches by
computing two separate residuals: one between the
text conditional branch and the speaker conditional
branch, and another between the unconditional
branch and the speaker conditional branch. During
inference, only the speaker conditional branch is
computed explicitly, while the other two branches
are reconstructed by adding their respective residu-
als to it.

Both models are enhanced with FlashAttention,
confirming the compatibility of our framework with
efficient attention implementations.

A.2 Subjective Evaluation Details

We conducted a subjective evaluation to assess
the perceptual quality of the synthesized speech.
Our evaluation focused on four specific model-
threshold combinations: the baseline (T0) and the
optimal compression threshold (T4) for both F5-
TTS and MegaTTS 3. For each combination, we
generated 10 English utterances of varying lengths.
We recruited 20 participants and evenly divided
them into four independent groups using a between-
subjects design, with each group assigned to eval-
uate one specific model-threshold combination.
Each participant rated all 10 utterances within their
assigned group, yielding 50 subjective scores per
combination. Ratings were based on audio qual-
ity using a 5-point Likert scale. The final MOS is
reported along with the standard deviation.

A.3 Redundancy in Model

We analyze the temporal and branch redundancy
in both F5-TTS and MegaTTS 3 models. Figure 7
presents the temporal redundancy analysis results.
For F5-TTS, we examine layers 10 and 20, com-
puting the cosine similarity between outputs from
adjacent denoising timesteps for both attention and
feed-forward. Similar analysis is conducted for

MegaTTS 3, focusing on layers 10 and 22. The
results reveal high temporal redundancy during the
inference of the model.

The branch redundancy characteristics are de-
picted in Figure 8. For F5-TTS, we measure
the cosine similarity between outputs from con-
ditional and unconditional branches for both at-
tention and feed-forward modules across various
timesteps. For MegaTTS 3, which utilizes multi-
condition classifier-free guidance with two condi-
tional branch outputs, we analyze the similarities
among all three branches, specifically comparing
the speaker conditional branch (Branch 1) with
both the text conditional branch (Branch 2) and the
unconditional branch (Branch 3).

A.4 Method Distribution

Figure 9 shows the method distribution heatmaps
from the calibration of F5-TTS under increasing
compression thresholds. Each cell in the heatmaps
represents the compression method applied to a
specific layer-step pair. The heatmaps are arranged
in a grid layout from left to right and top to bot-
tom, with each subplot corresponding to a thresh-
old in 0.05 increments, ranging from 0.05 to 0.30.
As the compression threshold rises, we observe a
progressive increase in the number of layer-step
pairs employing compression strategies. Notably,
layer-step pairs at later timesteps are more likely to
adopt TS, whereas those at earlier timesteps tend
to remain uncompressed or use BS. This suggests
an underlying connection between internal model
redundancy and the progression across diffusion
timesteps.

A.5 Potential Risks

While DiTReducio offers an efficient, training-free
approach to accelerate DiT-based TTS models, its
deployment entails certain risks that require care-
ful management. A key concern is the potential
degradation of speech quality in high-stakes ap-
plications such as healthcare, legal transcription,
or emergency response, where even minor distor-
tions could lead to misinterpretation or diminished
user trust. Additionally, the enhanced efficiency
of DiTReducio may lower the barrier for misuse,
enabling malicious actors to generate deceptive au-
dio content such as deepfakes or impersonation
attacks. Robust safeguards are therefore essential
to mitigate such risks.
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A.6 Supplementary Experiments
To further validate the performance of DiTReducio,
we conduct additional comparative experiments
on the LibriSpeech-PC-test-clean and LibriSpeech-
PC-test-other subsets. Given the absence of spe-
cialized training-free acceleration baselines in the
speech synthesis domain, we implement DiTFas-
tAttn, a training-free method from the image and
video generation domain, as our primary baseline.
To verify performance in more challenging sce-
narios, we select the noisier and more difficult
LibriSpeech-PC-test-other subset. We strictly fol-
low the cross-sentence evaluation protocol of F5-
TTS, filtering 1,832 samples with durations rang-
ing from 3 to 10 seconds. All experiments are
performed on 8 × NVIDIA H200 GPUs. F5-TTS
employs batch inference with a batch size of 128 to
mitigate the impact of cache I/O overhead on RTF
measurements.

As shown in Table 3, within the standard com-
pression range T1–T4, DiTReducio consistently
achieves a significantly lower RTF than DiTFas-
tAttn across both the LibriSpeech-PC-test-clean
and the LibriSpeech-PC-test-other subsets. As ac-
celeration threshold increases, the generation qual-
ity gap between the two methods becomes particu-
larly pronounced. DiTReducio maintains a remark-
ably stable WER, fluctuating marginally between
2.05% and 2.08% on the clean subset, whereas
DiTFastAttn exhibits linear quality degradation.
This divergence amplifies on the more challenging
LibriSpeech-PC-test-other subset, where the base-
line WER sharply rises at T3 and peaks at 7.01%
at T6, while DiTReducio remains robust. Although
the acceleration ratios of both methods converge
at this stage, DiTReducio effectively preserves lin-
guistic accuracy.
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Table 3: Performance comparison between DiTFastAttn (Baseline) and DiTReducio (Ours) on LibriSpeech-PC-test-
clean and LibriSpeech-PC-test-other.

Dataset Method Level RTF (↓) WER (%) (↓) SIM-o (↑)

LibriSpeech-PC-test-clean

Vanilla - 0.0474 2.054 0.670

Baseline
(DiTFastAttn)

T1 0.0494 2.066 0.675
T2 0.0462 2.118 0.680
T3 0.0426 2.160 0.664
T4 0.0403 2.213 0.652
T5 0.0383 2.663 0.627
T6 0.0369 3.481 0.585

Ours
(DiTReducio)

T1 0.0451 2.060 0.670
T2 0.0421 2.086 0.670
T3 0.0408 2.076 0.662
T4 0.0392 2.052 0.661
T5 0.0371 2.068 0.633
T6 0.0369 2.085 0.606

LibriSpeech-PC-test-other

Vanilla - 0.0576 4.373 0.653

Baseline
(DiTFastAttn)

T1 0.0607 4.463 0.659
T2 0.0562 4.641 0.664
T3 0.0514 4.963 0.659
T4 0.0493 5.315 0.634
T5 0.0466 5.349 0.602
T6 0.0445 7.014 0.583

Ours
(DiTReducio)

T1 0.0551 4.543 0.653
T2 0.0515 4.257 0.652
T3 0.0489 4.270 0.649
T4 0.0473 4.274 0.629
T5 0.0447 4.542 0.619
T6 0.0440 4.654 0.602

(a) F5-TTS (b) MegaTTS 3

Figure 7: Temporal redundancy in F5-TTS and MegaTTS 3.
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(a) F5-TTS (b) MegaTTS 3

Figure 8: Branch redundancy in F5-TTS and MegaTTS 3.

Figure 9: Method Distribution of F5-TTS across compression thresholds.
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Figure 10: The page for subjective Mean Opinion Score (MOS) assessment..
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