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To address the issue of noise level mismatch, we utilized the mean network
and reconfigured the transmission path and training objective.
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1. The diffusion bridge model i1s a type of generative modsl. Linlike flow matching and

diffusion processes, It takes two data distributions as endpoints and can directly achievs

the transformation between these data distnbutions. Its structurs 1s naturally suitable for
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2. Mainstreamn diffusion bridge modsls are typically trained by mimicking the denoising
paradigm of standard diffusion process:
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Noise Level Mismatch | o . |
1.To quantity the network's tallure on this ill-conditioned task, we assess the difference between the
network's prediction and the ground truth target along two dimensions:

* Magnitude: We compare the Variance between the two. This measures whether the network
predicts the correct amplitude of stochasticity.

* Direction: We compute the Cosine Similarity between the two. This measures whether the
direction of the prediction I1s pointing In the correct direction.

2.A significant discrepancy exists at the target endpoint (t = 0): For the network input (X¢), its noise
coefficient approaches O as t — 0, making the input become nearly deterministic X,. For the
training target, 1ts noise coefficient approaches 1 ast — 0. The target becomes highly stochastic Z.
This mismatch imposes an ill-conditioned task on the network: it predicts random noise from a
clean and deterministic input.
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Definition 3 (Magnitude-Aligned Stochastic Interpolant).
Let « € (0,1) and k be a finite constant. We define
the magnitude-aligned stochastic interpolant X; connect-
ing the target Xo ~ po and the degraded X, ~ p1 as:

Xe=(1—-t%)Xo+t* X1+ kt(l —1t)Z. (5)

We define the corresponding magnitude-aligned training
objective Y, as the scaled displacement, which decomposes
as:

- Xy — Xp
= =

Y; : = (X1 = Xo) +kt'""*(1=t)Z. (6)

The training objective is to predict this target:

'C'base — {"t,X(),Xl,Z I‘G(Xt7t7 9) o }/tIIQ * (7)

Definition 4 (Mean Network). Given the joint distribution

of the paired data (X, X1) ~ (po, p1), we define a mean
network M (-; @) trained to approximate the posterior mean
| X 0| X1]. The network’s output is defined as:

Xo = M(X1;9). (10)

The parameters ¢ are optimized by minimizing the mean

squared error (MSE) objective:

Luse(®) = Exo x| IM(X130) = Xo|*| . (D)
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