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Motivations

1. Enabling fully Real-Time Duplex Communication

Recent speech language models (e.g., GPT-4o) require audio generators capable of true 

fully-duplex, low-latency streaming, motivating a generative framework that can operate at 

frame-level timescales. 

2. Extending the potential of Conditional Flow Matching 

CFM-based decoders exhibit strong high-fidelity generation capabilities, yet existing designs 

are limited to non-streaming, full-sequence inference. There is a clear need to adapt these 

advantages to real-time scenarios.

3. Accelerating Streaming Application

Real-time TTS, streaming voice conversion, interactive agents, and speech language models.

Challenges

1. Real-time latency limits of existing CFM

Multi-step iterative sampling and chunk-wise generation prevent true frame-synchronous 

streaming, making conventional CFM unsuitable for low-latency real-time applications. 

2. Quality degradation when reconstructing high-resolution waveforms 

from low-bitrate tokens

Neural codecs compress speech into discrete low-bitrate tokens, but lack intermediate 

temporal refinement.

Contributions

1. Streaming Flow Matching (SFM) for token-wise real-time generation

- Proposing a novel streaming generative model that leverages self-conditioned context to 

estimate multi-time vector fields, enabling token-wise streaming generation.

2. Scale-DiT Architecture

- Regularizes representation by modeling and scaling residual–feature differences.

- Improves stability and generalization without increasing parameter size, 

enhancing DiT-based audio generation. 

3. Streaming-optimized waveform generation 

- Replaces STFT/iSTFT with a linear-reshape transformation suited for real-time systems.

- Two-stage training (SFM pre-training + adversarial fine-tuning) achieves high-fidelity 

24 kHz waveform reconstruction. 
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Fig 3. Overall architecture of StremFlow

Fig 2. Comparison of (a) CFM and (b) proposed SFM

Fig 1. Comparison of generation strategies

Scalability with respect to model size

Further Analysis of Scale-DiT

Streaming Flow Matching

Training: Apply causal noising by 

fixing past context and masking the 

streaming window to learn strictly 

causal representations.

Inference: Prepend newly generated 

frames and advance the window to 

enable continuous frame-aligned 

streaming via in-context learning.

Fig 4. Causal Nosing

Fig 5. Fine-tuning with Adversarial Training 

Fig 6. Inference pipeline comparing the Mimi decoder and the proposed StreamFlow

Replacing Mimi decoder with StreamFlow

Scale-DiT stabilizes training and improves 

feature representation by applying adaptive 

layer normalization and learnable residual 

scaling to regulate MHSA and FFN updates.

Adversarial Training

For high-fidelity audio, the pre-trained 

StreamFlow is further refined using 

adversarial discriminators 

(MPD, MS-STFTD, MS-SB-CQTD) 

combined with multi-scale STFT losses.

Waveform Transformation

We replace STFT/iSTFT with a linear-

reshape transformation that removes 

large receptive fields and future-frame 

dependency, enabling efficient causal 

streaming. The reshaped waveform is 

projected into and back from the Scale-

DiT feature space without extra 

computation during sampling.
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