60-second takeaway

F5-TTS is worth evaluating if you want a lightweight, fine-tunable TTS
model for voice cloning.

It is not yet our top recommendation - VoxCPM and Qwen3-TTS are
proven on our IMDA NSC benchmark - but F5-TTS fills a gap for teams
that want a simpler fine-tuning path with lower VRAM requirements.
This guide covers the model's architecture, dataset preparation,
training configuration, evaluation methodology, and common failure
modes based on community reports.

Disclosure: unlike our other TTS posts, this guide is based on
community data and the model's published architecture, not our first-
party IMDA NSC benchmark. We plan to run F5-TTS through the full
benchmark pipeline in a future update.

Where this fits

e For founders: consider F5-TTS if your budget is tight and you need voice
cloning without heavy GPU investment. The model runs comfortably on a
single consumer GPU and the fine-tuning loop is simpler than most
alternatives. If you need production-proven quality today, start with
VoxCPM or Qwen3-TTS instead.

e For engineers: F5-TTS has the simplest fine-tuning loop of the models we
track. If you want to experiment with voice cloning on a smaller footprint,
this is the model to start with. Watch for the caveats on evaluation - we
have not run it through our standard benchmark yet.

Series context:

e Hub: Best Open-Source TTS Models for Production in 2026
e Decision tree: TTS Model Decision Tree 2026
o Full benchmark: IMDA NSC Voice Cloning Finetuning Benchmark 2026

What is F5-TTS

F5-TTS is an open-source text-to-speech model designed for voice cloning. Its
architecture prioritises simplicity and lightweight training over raw parameter
count. Key characteristics:
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¢ Flow-matching based synthesis. F5-TTS uses a non-autoregressive flow-
matching approach, which produces speech in fewer inference steps than
diffusion-based alternatives.

e Smaller model footprint. The model fits comfortably in under 24GB of
VRAM during both training and inference, making it accessible on
consumer GPUs like the RTX 3090 or RTX 4090.

e Zero-shot voice cloning. Like CosyVoice and VoxCPM, F5-TTS can clone a
voice from a short reference clip without fine-tuning. Fine-tuning improves
consistency and expressiveness beyond what zero-shot achieves.

e Simpler training pipeline. The fine-tuning process does not require codec
pre-processing (unlike Qwen3-TTS) or multi-stage pipelines (unlike
CosyVoice3). You prepare audio, align transcripts, and train.

The model is maintained on GitHub with an active community contributing fine-
tuning recipes, multilingual support, and integration examples.

Prerequisites

Hardware

e GPU: any NVIDIA GPU with 16GB+ VRAM. 24GB (RTX 3090, 4090) is
comfortable. F5-TTS is one of the few fine-tunable TTS models that can fit
on 16GB with reduced batch size.

e CPU/RAM: 16GB system RAM minimum. Dataset preprocessing is not
memory-intensive.

e Storage: 10-20GB for the model weights, dataset, and checkpoints.

Software

e Python 3.10+

e PyTorch 2.0+ with CUDA support

e The F5-TTS repository and its dependencies (see the F5-TTS GitHub repo for
the latest install instructions)

Dataset format

o WAV files at 24kHz, 16-bit mono
e A metadata file mapping each audio clip to its transcript
e (Clean, single-speaker recordings with minimal background noise


https://github.com/SWivid/F5-TTS

Dataset preparation

Dataset quality is the single largest determinant of fine-tuning success. This
applies to every TTS model we have tested, and F5-TTS is no exception.

Audio format requirements

e Sample rate: 24kHz. Resample before training - do not rely on the training
script to handle this.

e Format: WAV, 16-bit, mono.

¢ Normalisation: peak-normalise all clips to -1 dBFS. Inconsistent volume
across clips degrades speaker similarity in the output.

# Resample and normalise with ffmpeg + sox
ffmpeg -i input.wav -ar 24000 -ac 1 resampled.wav
sox resampled.wav normalised.wav norm -1

Reference audio length

Community reports converge on a clear pattern for reference audio duration:

e Minimum viable: 3 seconds. Below this, the model struggles to capture
speaker identity.

e Optimal: 10-15 seconds. This gives the model enough signal for tone,
pacing, and timbre.

e Diminishing returns: beyond 15 seconds, quality gains plateau. Longer
references increase inference time without meaningful improvement.

For fine-tuning datasets (as opposed to zero-shot reference clips), aim for 15-60
minutes of total audio, split into clips of 5-15 seconds each.

Transcript alignment

Each audio clip needs an accurate transcript. Misaligned transcripts cause the
model to learn incorrect timing and pronunciation patterns.

e Use a forced alignment tool (e.g. WhisperX, Montreal Forced Aligner) to
generate word-level alignments if you do not have hand-verified
transcripts.

e Strip all non-speech annotations (laughter tags, speaker labels,
timestamps) from transcripts before training.
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e Verify a random sample of 10-20 clips manually. If more than 5% have
alignment errors, re-run the alignment pipeline.

Quality filtering

Remove clips that contain:

e Background noise, music, or other speakers

¢ Clipping or distortion

e Longsilences (more than 1 second of silence at the start or end)
e Non-native speech patterns (if training for a specific accent)

A simple SNR filter (discard clips below 20dB SNR) catches most noise issues.

Training configuration

F5-TTS fine-tuning uses a standard training loop. The key hyperparameters to
set:

Recommended starting

Parameter . Notes
point
, Start at 1e-5 and increase if loss

Learning rate 1e-5to 5e-5

plateaus early
Batch size 4-8 Reduce to 2 if VRAM-constrained
Gradient -4 Effective batch = batch_size x
accumulation grad_accum

Monitor eval loss; stop when it
Epochs 20-50 .

plateaus or rises
Warmup steps 200-500 Standard linear warmup

Use bf16 if your GPU supports it;
Precision bfloat16 y PP

fp16 otherwise

Sample config

# F5-TTS fine-tuning configuration (illustrative)
model:
pretrained_path: "path/to/f5-tts-base"

training:
learning_rate: 1e-5
batch_size: 4



gradient_accumulation_steps: 4
num_epochs: 30
warmup_steps: 300

precision: "bf16"
save_every_n_epochs: 5

data:
train_dir: "path/to/train_wavs"
metadata: "path/to/metadata.csv"
sample_rate: 24000
max_duration: 15.0 # seconds

evaluation:
eval_every_n_epochs: 5
eval_samples: 10

Note: this config is illustrative. Refer to the F5-TTS repository for the exact config
format and supported parameters in your version.

Fine-tuning walkthrough

This is a conceptual walkthrough. The exact commands and scripts depend on
the version of F5-TTS you are using - check the repo's fine-tuning documentation
for runnable instructions.

Step 1 - Prepare the dataset. Resample, normalise, and filter audio as
described above. Generate the metadata file mapping clip filenames to
transcripts.

Step 2 - Download the base model. Pull the pre-trained F5-TTS weights. The
base model provides the general speech synthesis capability; fine-tuning adapts
it to your target voice.

Step 3 - Configure training. Set hyperparameters based on the table above.
Start conservative (lower LR, smaller batch) and adjust based on initial loss
curves.

Step 4 - Run training. Launch the training script. Monitor loss curves - you
should see steady decline for the first 10-15 epochs, then a plateau. If loss
spikes or oscillates, reduce the learning rate.

Step 5 - Evaluate checkpoints. Generate samples from checkpoints at regular
intervals (every 5 epochs). Listen for naturalness, speaker similarity, and stability
on longer text. The best checkpoint is usually not the last one.

© 2025 Instavar - CC-BY 4.0


https://github.com/SWivid/F5-TTS

Step 6 - Select and export. Pick the best-sounding checkpoint based on your
listening evaluation. Export the model for inference.

Evaluation

Listening test methodology

We use the same evaluation framework across all TTS models on instavar.com,
borrowed from our IMDA NSC benchmark:

1. Naturalness. Does the output sound like natural speech, or does it have
robotic artifacts, glitches, or unnatural pauses?

2. Long-text stability. Does the model maintain consistent quality over
paragraphs, or does it degrade (speed up, lose coherence, introduce
noise)?

3. Accent retention. Does the fine-tuned output preserve the speaker's
accent and prosody, or does it drift toward a generic voice?

For F5-TTS specifically, we have not yet run these tests against our IMDA NSC
dataset. The evaluation notes below are based on community reports.

Zero-shot vs fine-tuned

Community consensus on F5-TTS zero-shot quality:

e Zero-shot captures tone but misses pacing and expression. The voice
identity is recognisable, but the rhythm and expressiveness of the original
speaker are flattened.

¢ Fine-tuning recovers pacing and emotional range. After 20-30 epochs
on a clean single-speaker dataset, output quality improves noticeably on
prosody and expressiveness.

e The gap is smaller than with larger models. Because F5-TTS is a lighter
model, the absolute quality ceiling is lower than Qwen3-TTS or VoxCPM -
but the relative improvement from fine-tuning is meaningful.

If zero-shot output is acceptable for your use case, skip fine-tuning. If you need
consistent voice quality for production content (narration, branded audio), fine-
tuning is worth the investment.

Common failure modes



These are the most frequently reported issues from the F5-TTS community.
Over-training

Symptom: output becomes monotone or mechanical after too many epochs,
even though training loss continues to decrease.

Cause: the model overfits to the training data and loses generalisation. This is
especially common with small datasets (under 15 minutes of audio).

Fix: evaluate checkpoints every 5 epochs and stop when quality peaks. Do not
train to convergence - the best-sounding checkpoint is almost never the last one.

Reference audio too short or noisy

Symptom: zero-shot cloning produces a generic voice that does not match the
reference speaker. Fine-tuned output has inconsistent quality.

Cause: the reference clip is under 3 seconds, contains background noise, or has
poor recording quality.

Fix: use 10-15 seconds of clean reference audio. For fine-tuning datasets, apply
the quality filtering steps described above.

Language mismatch

Symptom: output has incorrect pronunciation, unnatural cadence, or code-
switches between languages mid-sentence.

Cause: training data language does not match inference language, or the base
model has limited support for the target language.

Fix: ensure training data and inference prompts use the same language. Check
the F5-TTS model card for supported languages - multilingual support is
expanding but not universal.

Inference speed drift

Symptom: generated speech gradually speeds up or slows down over longer
passages.

Cause: this can be a training artifact (similar to the double-shift bug in Qwen3-
TTS) or a consequence of the flow-matching schedule at inference time.
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Fix: test with shorter passages first. If the issue persists, experiment with
inference step count and guidance scale parameters. Check the F5-TTS issues
tracker for known fixes.

How F5-TTS compares to other fine-tunable
models

Fine-tuning Setup Voice quality (our
Model VRAM .
approach friction benchmark)
Production-ready (step
VoxCPM 1.5 LoRA 24GB Low
4000)
Qwen3-TTS LORA 4GB Low—. Production-ready (epoch
1.7B Medium 10, scale 0.3)
Production-ready (st
IndexTTS2  Full SFT 24GB Medium  rocuction-ready (step
14000)
. < Not yet benchmarked on
F5-TTS Full fine-tune Low
24GB IMDA NSC
, _ Not production-ready
CosyVoice3  Full SFT 24GB High

(rerun pending)
Key takeaways from the comparison:

e VRAM: F5-TTS is the lightest model in this set. If you are on a 16GB GPU, it
may be your only fine-tuning option.

e Setup friction: F5-TTS and VoxCPM have the simplest setup paths. Qwen3-
TTS requires codec preprocessing. CosyVoice3 has the most complex
pipeline.

¢ Quality ceiling: we cannot make a direct quality comparison until we run
F5-TTS through our IMDA NSC benchmark. Based on community reports, it
is competitive for short-form content but may lag behind VoxCPM and
Qwen3-TTS on long-form stability.

¢ Fine-tuning approach: F5-TTS uses full fine-tuning (not LoRA). This means
all model parameters are updated, which can produce stronger adaptation
but requires more care to avoid overfitting.

FAQ

Is F5-TTS better than Qwen3-TTS?



We do not know yet. Qwen3-TTS has been through our full IMDA NSC
benchmark and produced production-ready results with LoRA fine-tuning. F5-
TTS has not been through the same benchmark. Based on architecture and
community reports, F5-TTS is lighter and simpler to fine-tune, but Qwen3-TTS
likely has a higher quality ceiling for production use cases. See our Qwen3-TTS
fine-tuning guide for the comparison data we do have.

How much audio do | need for fine-tuning?

15-60 minutes of clean, single-speaker audio is the sweet spot. You can get
passable results with as little as 5 minutes, but quality and consistency improve
significantly with more data up to the 60-minute mark. Beyond that, returns
diminish. Quality of the recordings matters more than quantity - 20 minutes of
clean studio audio will outperform 2 hours of noisy recordings.

Can | use F5-TTS for production?

With caveats. F5-TTS is usable for production if your quality bar allows for
occasional prosody inconsistencies on longer passages. For mission-critical voice
cloning (branded narration, customer-facing audio), we currently recommend
VoxCPM or Qwen3-TTS based on our benchmark results. We will update this
recommendation after running F5-TTS through our IMDA NSC pipeline.

What languages does F5-TTS support?

The base model supports English and Mandarin Chinese. Community fine-tuning
efforts have extended support to additional languages including Japanese,
Korean, and several European languages. Check the F5-TTS repository for the
latest language support status - the community is actively expanding multilingual
capabilities.

Do | need LoRA or full fine-tuning?

F5-TTS uses full fine-tuning by default, not LoRA. This is a simpler setup (no
adapter configuration) but means you are modifying all model weights. The
tradeoff: full fine-tuning can overfit more easily on small datasets, but produces
stronger voice adaptation when the dataset is large enough. If you need LoRA-
style parameter efficiency, look at VoxCPM or Qwen3-TTS instead.

Sources and related posts

e F5-TTS repository: https://github.com/SWivid/F5-TTS
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