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Abstract

Neural audio codecs achieve remarkable performance but op-
erate as closed ecosystems with rigidly co-trained encoder-
decoder pairs, severely hindering interoperability. To resolve
this, we propose BridgeCodec, a versatile framework that de-
couples these pairs by translating latent representations between
mismatched, frozen endpoints. We formulate this cross-codec
translation as a Schrodinger Bridge optimal transport prob-
lem, enabling robust mapping between disparate distributions
without predefined noise priors. To efficiently capture long-
range speech temporal dependencies, we integrate a Mamba-
enhanced U-Net architecture. We validate BridgeCodec on an
extreme deployment scenario: mapping a lightweight 8 kHz
source encoder directly to a 48 kHz target decoder at an ultra-
low bitrate of 1 kbps. Experimental results demonstrate that
BridgeCodec achieves superior wideband reconstruction and
high perceptual quality, successfully bridging heavily bottle-
necked, heterogeneous codecs.'

Index Terms: low-bitrate audio codec, Schrodinger bridge,
mamba-enhanced model

1. Introduction

Neural audio codecs (NACs) have revolutionized audio process-
ing by achieving a unified framework for efficient compres-
sion and high-fidelity reconstruction [1]. Beyond traditional
transmission, these systems now serve as critical intermedi-
aries in downstream speech synthesis systems. State-of-the-art
NAC:s typically employ Residual Vector Quantization (RVQ)
[1, 2, 3, 4] to capture fine-grained acoustic details. Recent
advancements further branch into two paradigms: integrating
semantic information via multi-codebook designs to enhance
LLM prediction [5, 6, 7, 8], and exploring single-layer VQ to
push the boundaries of ultra-low bitrates [9, 10, 11, 12].
Despite their remarkable performance, current NACs oper-
ate as closed ecosystems relying on strictly co-trained encoder-
decoder pairs. This coupling creates a severe "Interoperabil-
ity Gap" across heterogeneous networks, preventing commu-
nication between devices with codecs deployed independently
for with asymmetric hardware capabilities or varying compute
constraints. Since simultaneously updating these structurally
frozen endpoints may be practically infeasible and risks sys-
temic failures, direct communication is fundamentally broken.
To resolve this, we propose BridgeCodec, a versatile frame-
work that completely decouples codec pairs by directly translat-
ing highly compressed latent representations between any mis-
matched, frozen endpoints. To demonstrate its robustness in
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extreme deployment scenarios, we rigorously validate Bridge-
Codec on a highly asymmetric testbed: mapping a lightweight
8 kHz encoder to a 48 kHz decoder at an ultra-low 1 kbps. This
confirms its capability to seamlessly bridge structurally hetero-
geneous latents and fully activate the generative priors of the
target decoder.

To decouple encoder and decoder, we draw inspiration from
the recent success of the Schrodinger Bridge (SB) [13, 14] in
diverse speech tasks, including generation [15], enhancement
[16, 17], bandwidth extension [18, 19] and speech vocoder
[20], where it has been extensively validated to outperform
flow matching [21] and standard diffusions [22, 23]. Therefore,
we formulate our latent transformation as an SB optimal trans-
port problem. Crucially, unlike standard score-based and flow
models that require predefined noise priors, SB natively maps
highly compressed, disparate latent spaces by adaptively learn-
ing optimal transport between empirical distributions. More-
over, capturing the long-range temporal dependencies intrin-
sic to speech (e.g., prosody, intonation, and phonetic coher-
ence) is critical for high-fidelity reconstruction. Extensive re-
cent literature [24, 25, 26] has firmly established the superiority
of Mamba [27] in modeling extended speech contexts. Based
on these findings, we integrate Mamba into a U-Net backbone
[28]. This tailored architecture enables BridgeCodec to cap-
ture global temporal dynamics with linear complexity, strate-
gically bypassing the localized receptive fields of convolutions
and the quadratic computational bottlenecks of Transformers.
Finally, we maximize perceptual quality through a two-stage
training strategy: structural latent-space alignment followed by
audio-domain refinement. Experimental results demonstrate
that BridgeCodec successfully bridges the mismatched codecs
under stringent low-bitrate constraints. Remarkably, it sustains
high perceptual quality even with a single function evaluation
(1 NFE), empirically validating the structural directness of our
chosen SB transport path and robustness of the framework.

Our contributions are summarized as follows. First, we
propose BridgeCodec, a SB based framework that decouples
encoder-decoder to enable direct speech communication be-
tween mismatched endpoints. Second, we introduce a Mamba-
enhanced U-Net architecture tailored to efficiently capture long-
range speech dependencies within compressed representations.
Third, leveraging a two-stage training strategy, we demonstrate
that BridgeCodec achieves high-fidelity 48 kHz wideband re-
construction from 8 kHz bottlenecked priors at 1 kbps.

2. Methodology
2.1. Overall Architecture

Neural audio codecs (NACs) typically compress an audio wave-
form X € RTX via an encoder En(:) into a latent represen-
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Figure 1: The BridgeCodec framework consists of En®(-), Mamba-enhanced backbone, and De'(-). The source codec is marked with
straight lines and the target codec with wavy lines, indicating they can use different model architectures and quantization methods.

tation H € RP<*TH where D. and Ty denote the channel
dimension and frame length, respectively. A quantizer with L
vector quantization (VQ) layers then maps H into discrete to-
kens Q@ € REY*TH | The embeddings corresponding to these
tokens are summed across all L layers to reconstruct the quan-
tized continuous feature H, € RP<*TH  Finally, a decoder
De(+) reconstructs the audio X4 from Hy.

To achieve interoperability between heterogeneous codecs,
BridgeCodec fundamentally decouples the source encoder
En®(-) and the target decoder De’(-). We formulate an in-
termediary latent translator using the Schrodinger Bridge (SB)
[13, 14]. As illustrated in Fig. 1, a Mamba-enhanced backbone
translates the source latent feature H directly into the target
latent feature H_,. Because this transformation operates entirely
in the latent space, the source and target codecs can maintain
entirely different architectures, dimensions, and quantization
paradigms. During deployment, frozen En®(-), SB translator,
and frozen De’(-) seamlessly compose a unified and flexible
asymmetric communication pipeline.

In this work, we validate BridgeCodec on a rigorous
asymmetric testbed: connecting a lightweight, low-bitrate nar-
rowband (8 kHz) source encoder to a high-fidelity wideband
(48 kHz) target decoder. In this demanding setup, the SB-
driven translator is tasked with not only aligning structurally
mismatched latent dimensions but also performing latent-space
bandwidth extension. By effectively modeling and compen-
sating for the high-frequency semantics missing in the heavily
bottlenecked H, prior, BridgeCodec robustly recovers 48 kHz
wideband audio without requiring any structural modifications
to the endpoints.

2.2. Schrodinger Bridges

The core challenge in BridgeCodec is establishing a direct map-
ping between the source latent H; and the target latent H;.
Standard diffusions are mathematically ill-suited for this task,
as they constrain the terminal distribution to a Gaussian noise
prior (pr = N(0, 1)), which destructively overwrites the struc-
tural speech priors preserved in H;. Inspired by recent success
of SB in speech tasks [15, 16, 17, 18, 19, 20], we bypass this
limitation by formulating the latent translation as a SB optimal
transport problem. Because SB adaptively learns transitions be-
tween arbitrary empirical distributions without predefined noise
priors, it uniquely qualifies to directly and robustly bridge two
structurally mismatched, compressed latent spaces.

Formally, SB finds an optimal path measure p € P 1
that minimizes the Kullback-Leibler divergence with a refer-

ence path prer, while satisfying boundary constraints po = Prarget
and PT = Psource-

min DKL(p || p[ef) S.t.  Po = Prarget;, PT = Psource, (1)
PEP0,T]

where Psource and Prarger are the two distributions to be connected.
The path measure solution to Equation 1 is a pair of forward-
backward stochastic differential equations (SDEs):

du = [f(2e, 1) + g°(t)V log Wy(ze)] dt + g(t)dwe, (2)
dxy = [f(xt,t) - g2(t)Vlog \I/t(xt)} dt + g(t)dwe, (3)

where f(z¢,t) and g(¢) are inherited from the reference
SDE defining prr; dw: and dw: denote distinct Wiener pro-
cesses capturing stochasticity. The forward and backward
evolution are characterized by distinct nonlinear drift terms
+4%(t)V1og Uy (x:) and —g°(¢)V log Uy (x¢).

The marginal distribution of z is given by p; = U, U, for
any t € [0,T].

SB has tractable closed-form solutions under linear drift
f(z¢) = f(t)z: and Gaussian boundaries, avoiding general
computational intractability [15]. Let po = N (zo, €2I) and
pr = N(xT,E%I), with e = efOT ﬂT)dTE(). As e — 0,
the forward/backward terms Wy, U, can be formulated as U, =
N(aizo, d3oil), U, = N(awxr,a;sil), where oy =
elo fnydr 52 — fot g*(1)/a2dr, & = awar', 67 = o —of.
The marginal p; = ¥;W; is thus formulated as:

pe = N(wo(t)zo + wr(t)zr, 0f0io; /orl),  (4)

where, wo(t) = di/c%, wr(t) = aiof/o% are time-
varying weights balancing initial/terminal mean contributions.

In the context of our work, the terminal distribution mean
zr and the initial distribution mean x( correspond to the source
codec feature H; and the target codec feature H, ;, respectively.
Optimization uses a bridge loss predicting o from sampled
Tt ~ Pt

Loidge = B rpr,zmpo Et [Hwﬂ(xtvtva) - l‘o”%] )
where x¢(-) denotes the parameterized prediction model.

2.3. Mamba-Enhanced Backbone

While standard U-Nets excel at extracting localized structural
patterns from acoustic latents, they inherently lack the recep-
tive field to capture long-range temporal correlations critical



to speech, such as prosodic fluctuations and phonetic coher-
ence. To overcome this localized bias, we incorporate Mamba
[27], a selective State Space Model, into our latent translation
backbone. Using input-dependent discrete recurrences, Mamba
effectively models global sequential dynamics in linear time.
Crucially, recent speech processing literature [24, 25, 26] has
demonstrated that Mamba matches or even exceeds the gen-
erative fidelity of Transformers while maintaining significantly
faster inference speeds. This avoids the quadratic computational
bottlenecks of attention mechanisms while perfectly comple-
menting the spatial feature processing capabilities of U-Nets.

Architecturally, we interleave Mamba modules within the
K resolution levels of the U-Net, as shown in Fig. 1. At
each encoder downsampling stage, the input latent H; €
RBX1xDexTH g first processed by N convolutional residual
blocks. This local feature extraction expands the representa-
tion to an intermediate tensor Heony € REXCXPrXTH  yhere
C' and D, denote the channel and hidden dimensions, respec-
tively. To establish a global temporal context, Hcony is flat-
tened along its spatial dimensions into a sequence RB*T# X Dm
(with D,,, = C x D,) and routed through M consecutive
Mamba layers. The globally-enriched output is subsequently
reshaped back to its original topology REXC*PrxTH o en-
sure seamless propagation to the next resolution level. The de-
coder strictly mirrors this Mamba-enhanced hierarchy, ensur-
ing synchronized local-global feature alignment throughout the
Schrodinger Bridge transport path.

2.4. Two-Stage Training Strategy

While optimizing the SB objective (Lorigge) €nsures strict opti-
mal transport in the latent space, relying solely on latent align-
ment can lead to sub-optimal perceptual quality, as the model
remains blind to the acoustic characteristics of the actual de-
coded waveforms. To align latent structural accuracy with
audio-domain fidelity, we employ a two-stage training strategy.
First, the SB model is trained exclusively in the highly com-
pressed latent domain using Equation 5 to establish a robust
transport path between the heterogeneous codecs. Then, at the
second stage, to inject real-world acoustic constraints, the pre-
trained SB translator is cascaded with the frozen target decoder
De!(-) to reconstruct the time-domain waveform X. The trans-
lator is then fine-tuned against the ground-truth wideband audio
X using a joint objective:

Elotal = Abridge‘cbridge + /\t ctime + >\me:1£me17 (6)
where Lime = || X — X |1 is the time-domain L1 loss, and
Lma = ||S(X) — S(X)|: is the frequency-domain mel-

spectrogram L1 loss [3], with S(-) denoting the mel-extraction
function. The scalars Aprigge, At, and Amer balance the respective
loss terms.

3. Experiments
3.1. Dataset

We conducted experiments on the clean speech dataset from the
ICASSP 2022 Deep Noise Suppression (DNS) Challenge [29].
This dataset supports fullband 48 kHz audio processing, with
a total duration of approximately 2,425 hours and around 1.09
million clips covering six languages. 10,000 clips (around 1%
of the dataset) are designated as the validation set and another
10,000 clips as the test set. The remaining majority of clips are
used as the training set.

3.2. Implementation Details and Baselines

We trained a source codec and a target codec for 8 kHz and
48 kHz speech separately using open-source AudioCraft.> The
source codec uses ratios [2, 4, 5, 8] to produce 128-dimensional
latents at 25 Hz, with 4-layer RVQ and 1024 codebooks per
layer, achieving 1 kbps with 2.8 MB parameters. The target
codec uses ratios [2, 4, 5, 6, 8] to produce 128-dimensional
latents at 25 Hz, with 24-layer RVQ and 1024 codebooks per
layer, achieving 6 kbps with 134 MB parameters. The SB model
in BridgeCodec uses a U-Net backbone with 4 resolution lev-
els and 2x downsampling per level, each followed by 4 resid-
ual blocks and 5 Mamba layers whose hidden size is 128 for
long-range temporal modeling. It was trained in two stages,
first with learning rate Se-5, batch size 32 for 100k steps, and
then with learning rate 5e-6, batch size 8 for 10k steps. We used
VP noise schedule following the setting of Bridge-TTS [15] and
SDE sampler with 10 NFE for inference. The number of func-
tion evaluations (NFE) refers to the count of forward passes of
the neural network during sampling, directly related to com-
putational cost. For comparative evaluation, we trained an SB
model based on NCSN++ [23] with the same parameters and
configuration as the baseline but excluding the Mamba layers,
named BridgeCodecyy,-

3.3. Evaluation Metrics

We adopt several metrics to evaluate the performance of Bridge-
codec. STOI [30] is an intrusive metric that assesses speech
intelligibility. Word Error Rate (WER) quantifies audio intelli-
gibility by calculating the discrepancies between transcriptions
and original texts. We only calculate WER on the English sub-
set of the test set and transcribe the speeches through a Whisper-
large V3 [31]. Speaker similarity (SIM) reflects the ability of
the codec to preserve speaker characteristics. We use WavLM-
base-sv [32] to extract the speaker embeddings of the recon-
structed and ground-truth waveforms, and calculate the cosine
similarity between them to measure SIM. DNSMOS [33] is a
widely adopted metric for evaluating objective speech quality.
Mel distance (MEL) [3] calculates the distance between log
mel spectrograms of the reconstructed and ground-truth wave-
forms. The multiscale STFT distance (STFT) [3] computes
the distance between log magnitude spectrograms of the recon-
structed and ground-truth waveforms. To evaluate perceptual fi-
delity from a human perspective, we conduct a subjective Mean
Opinion Score (MOS) test on the naturalness of the reconstruc-
tion speech. A panel of 30 fluent listeners evaluates the recon-
structed speech quality of 15 randomly sampled test-set clips on
a standard 5-point scale with 1-point intervals.

4. Results

Table 1 presents the comprehensive evaluation of BridgeCodec
against the mismatched baselines. The target codec (48 kHz,
6 kbps) serves as the upper bound for high-fidelity reconstruc-
tion, while the source codec (8 kHz, 1 kbps) acts as the lower
bound, exhibiting severely degraded performance across all
metrics due to its narrowband constraint and ultra-low bitrate.

4.1. Objective Results

BridgeCodec successfully closes the massive interoperability
gap between these endpoints. Without altering the 1 kbps
transmission bitrate, it dramatically improves upon the source

Zhttps://github.com/facebookresearch/audiocraft



Table 1: Main results of BridgeCodec on the testset. All audio is resampled to 48 kHz for STOI, STFT and MEL. And due to evaluation
model constraints, all audio is resampled to 16 kHz for DNSMOS, WER and SIM. MOS represents the subjective Mean Opinion Score
for naturalness and speech quality with 95% confidence intervals.

Model | STOIt+ STFT|, MEL| | DNSMOSt WER| SIMt | MOSt

target codec 0.96 1.63 1.05 3.26 1.70 0.99 424 £0.10

source codec 0.23 12.24 10.01 3.11 1.92 0.81 3.80 £0.11

BridgeCodecuynet 0.86 227 1.74 3.09 2.16 0.93 -

BridgeCodec 0.88 222 1.65 3.17 2.11 0.96 4.12 +0.11
w/o Two stage training 0.87 2.19 1.68 3.15 2.04 0.95 -

codec’s baseline. Notably, STOI leaps from 0.23 to 0.88, and
MEL drops from 10.01 to 1.65, indicating the improvement of
speech intelligibility. Most impressively, BridgeCodec effec-
tively reconstructs speaker characteristics during the extreme
bandwidth extension, elevating SIM from 0.81 to 0.96, closely
approaching the target codec’s upper bound of 0.99. While the
WER sees a marginal increase compared to the bounds (2.11
vs. 1.92), this is an expected outcome given the massive gen-
erative hallucination required to map 8 kHz latents to 48 kHz
wideband audio. The source encoder captures only narrowband,
and the bridge performs generative extension. Generated high-
frequency content may slightly perturb Whisper, leading to in-
creased WER. Despite this, the semantic content and speech
quality remains highly well-preserved.

4.2. Subjective Results

The objective improvements are further strongly corroborated
by our subjective MOS evaluation. BridgeCodec achieves a
remarkable MOS of 4.12 + 0.11, significantly outperforming
the source codec (3.80 £ 0.11) and demonstrating that the gen-
erated 48 kHz audio sounds highly natural to human listeners.
This confirms that BridgeCodec does not merely interpolate sig-
nals, but successfully activates the generative priors of the target
decoder to produce perceptually pleasing wideband speech.

4.3. Ablation Studies

To validate our architectural and methodological designs, we
conduct ablation studies on the Mamba backbone and the train-
ing strategy, as shown in Table 1.

Effectiveness of Mamba. The proposed model consistently
outperforms the baseline BridgeCodecune: across all metrics.
This confirms that while standard convolutions capture local-
ized spatial correlations in the latent space, Mamba’s selec-
tive state space mechanism is essential for modeling long-range
global temporal dependencies (such as prosody and pitch varia-
tions), thereby reducing semantic distortions.

Impact of Two-Stage Training. Comparing BridgeCodec with
its "w/o Two-stage training" variant reveals that involving the
two-stage training strategy enhances performance across most
metrics, with only minor trade-offs observed in STFT and
WER, suggesting that latent domain training alone may more
effectively preserve semantic information. However, second-
stage training is critical for improving perceptual quality and
speaker similarity, allowing BridgeCodec to achieve higher
DNSMOS and SIM.

Sensitivity to Inference Steps. To investigate the impact of
inference step on reconstruction performance, we conduct an
experiment on the number of function evaluations (NFE) in the
Schrodinger Bridge sampler, as shown in Table 2. Typically,
fewer NFEs translate to lower inference latency and higher ef-
ficiency, but this compromises reconstruction performance due
to insufficient iterative refinement of latent features [18]. How-

ever, as illustrated in Table 2, BridgeCodec demonstrates a re-
markable robustness to reduced NFE. Specifically, when NFE
is minimized to 1, the model achieves the best performance in
STOL STFT, MEL, and DNSMOS.

This one-step capability suggests that the Schrodinger
Bridge in our framework learns an exceptionally straight and
efficient transport path between the source and target latents.
While increasing NFE to 10 provides a marginal gain in speaker
similarity (SIM) through iterative refinement, the 1-NFE con-
figuration provides a superior balance of acoustic fidelity and
structural alignment. This makes BridgeCodec a highly promis-
ing candidate for low-latency communication where minimal
inference iterations are critical.

Table 2: The results with different number of function evalua-
tions.

NFE STOI STFT MEL DNSMOS WER SIM
10 0.88 222 1.65 3.17 2.11 0.96
5 0.88 2.16 1.63 3.17 2.37 0.95
1 0.89 2.13 1.58 3.18 2.39 0.95

4.4. Deployment Efficiency and Universal Interoperability

Beyond individual reconstruction metrics, BridgeCodec estab-
lishes a new paradigm for codec interoperability. While our
experiments utilize the challenging 8 kHz to 48 kHz transfor-
mation as a primary testbed, the core value of BridgeCodec
lies in its ability to perform heterogeneous latent translation be-
tween structurally mismatched manifolds. By decoupling the
source encoder from the specific requirements of target decoder,
BridgeCodec effectively serves as a universal translation frame-
work. This allows diverse audio codecs—regardless of their
sampling rates, bitrates, or internal architectures—to communi-
cate within a unified framework. Such a capability is crucial for
breaking the closed-loop constraints of current NACs, enabling
seamless high-fidelity audio flow across fragmented, resource-
constrained network ecosystems.

5. Conclusion

We presented BridgeCodec, a framework for universal audio
codec interoperability that decouples rigidly paired encoders
and decoders. By integrating Schrodinger Bridge for latent
transport and a Mamba-enhanced backbone for temporal mod-
eling, BridgeCodec achieves high-fidelity 48 kHz reconstruc-
tion from 8 kHz inputs at an ultra-low 1 kbps. Our two-
stage training strategy effectively balances structural alignment
with perceptual naturalness, supporting robust single-step in-
ference. This work provides a scalable solution for high-quality
and seamless audio communication across heterogeneous and
resource-constrained network ecosystems.
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