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1. DDBM Framework for Low-Light Image
Enhancement

This section provides a detailed mathematical formulation
of DDBM [18] for LLIE. The concepts here form the tech-
nical foundation for our Bi-Bridge framework and expand
upon the overview in Section 3.

1.1. Reverse Process and Probability Flow ODE
The core of the DDBM generation process is the time-
reversal of a guided forward diffusion bridge. As shown
in Eq. (2), this reverse process is described by a stochastic
differential equation (SDE):

dxt =
[
f(xt, t)− g(t)2 (sθ(xt, t,xT , T )

− h(xt, t,xT , T ))] dt+ g(t)dw̄t,
(1)

where w̄t is a standard Wiener process when time flows
from T to 0.

The corresponding deterministic process for faster sam-
pling is given by the probability flow Ordinary Differential
Equation (ODE) [12, 18]:

dxt = [f(xt, t)− g2(t)(
1

2
sθ(xt, t,xT , T )

− h(xt, t,xT , T ))]dt.
(2)

Our hybrid sampler, introduced in Section 3.4, leverages
both the SDE for introducing beneficial stochasticity and
the ODE for stable, efficient integration.

1.2. Score Function and Network Parameterization
Our network Dθ is trained to predict the starting point x0

from a noised sample xt via “pred-x” parameterization [8].
The network’s prediction, x̂0 = Dθ(xt, t,xT ), is used to
construct score function sθ, which in turn approximates the
true score of the reverse process:
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To improve stability, the network Dθ is implemented
with a preconditioning scheme [8]:

Dθ(xt, t) = cskip(t)xt + cout(t)Fθ(cin(t)xt, cnoise(t)), (4)

where Fθ is the neural network backbone that predicts x0.

The time-dependent scaling factors are:
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4
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Here, the coefficients at, bt, and ct are defined as:
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The terms σ2
0 , σ2

T , and σ0T represent the variance of x0, the
variance of xT , and their covariance. The loss weighting is
w(t) = 1/cout(t)

2.
The DDBM framework can be instantiated with differ-

ent diffusion processes, most notably Variance Preserving
(VP) and Variance Exploding (VE) [12], which define the
specific forms of the drift and diffusion coefficients. These
instantiations are summarized in Table 1.

2. Bidirectional Inference
Once the unified predictor Dθ is trained, it can be seam-
lessly deployed for both enhancement and degradation
tasks. The inference process involves numerically solving
the reverse SDE in Eq. (2) backward in time.

To ensure both high-fidelity results and sampling effi-
ciency, we adopt a higher-order hybrid sampler [8, 18]. This
predictor–corrector method combines a stochastic Euler–
Maruyama step with a deterministic Heun step. The cor-
rector step provides a more stable and accurate update by
numerically integrating the corresponding probability flow
ODE in Eq. (2). The core of this process is the dynamic
computation of the SDE drift at each step, which com-
bines the analytical h-transform h(·) with our learned score
function sθ(·) derived from the network prediction x̂0 =
Dθ(xt, t,xT ).

The specific application of this inference process de-
pends on the choice of the conditional endpoint xT .

Enhancement. To perform enhancement (XA to XB),
the process is conditioned on the source low-light image by
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Table 1. VP and VE bridge parameterizations.

setting the conditional endpoint xT = xA. The sampler is
initialized at xtN=T = xT and solves the SDE backward in
time to generate the enhanced normal-light image xB . This
procedure is detailed in Algorithm 1.

Algorithm 1 Enhancement with Bi-Bridge Hybrid Sampler

Require: Model Dθ, low-light image xA, time steps
{ti}Ni=0 with tN = T , step ratio s.

1: Set endpoint: xT ← xA

2: Initialize state: xtN ← xA

3: for i = N, . . . , 1 do
4: t← ti, tprev ← ti−1, xt ← xti

// 1. score, h-transform, and drift at current state (t,xt)
5: si ← sθ(xt, t,xT , T ) ▷ Eq. (3)
6: hi ← h(xt, t,xT , T ) ▷ Table 1
7: di ← f(xt, t)− g2(t) (si − hi)

// 2. predictor: stochastic Euler step to intermediate time
8: tmid ← t+ s (tprev − t)
9: z ∼ N (0, I) if i > 1 else z← 0

10: ∆t1 ← tmid − t
11: xmid ← xt + di ∆t1 + g(t)

√
−∆t1 z

// 3. corrector (part 1): drift dmid at (tmid,xmid)
12: smid ← sθ(xmid, tmid,xT , T )
13: hmid ← h(xmid, tmid,xT , T )
14: dmid ← f(xmid, tmid)− g2(tmid) (

1
2smid − hmid)

// 4. corrector (part 2): Heun update over [tprev, t]
15: ∆t← tprev − t
16: xti−1

← xt + 0.5 (di + dmid)∆t
17: if i > 1 then
// 5. re-correction at (tprev,xti−1)
18: sprev ← sθ(xti−1 , tprev,xT , T )
19: hprev ← h(xti−1

, tprev,xT , T )
20: dprev ← f(xti−1

, tprev)−g2(tprev) (
1
2sprev−hprev)

21: xti−1
← xt + 0.5 (di + dprev)∆t

22: end if
23: end for
24: return xt0 ▷ enhanced normal-light image ≈ xB

Degradation. Conversely, for degradation (XB to XA),
the process is conditioned on the source normal-light image
by setting the conditional endpoint xT = xB . The sampler
is initialized at xtN=T = xT and follows the same numeri-
cal procedure to generate the degraded low-light image xA.
This is detailed in Algorithm 2.

Algorithm 2 Degradation with Bi-Bridge Hybrid Sampler

Require: Model Dθ, normal-light image xB , time steps
{ti}Ni=0 with tN = T , step ratio s.

1: Set endpoint: xT ← xB

2: Initialize state: xtN ← xB

3: The remaining steps are identical to Algorithm 1.
4: return xt0 ▷ degraded low-light image ≈ xA

3. Implementation Details
We implement our Bi-Bridge framework based on
DDBM [18] using the ADM [3] architecture. For 256×256
resolution, we employ a wide residual U-Net with a base
channel dimension of 128, and multi-head self-attention at
resolutions of 32, 16, and 8. We apply a dropout rate of 0.1
and use concatenation for conditioning at the input level.
Regarding the bridge parameterization, we adopt the VP
schedule to ensure stable bidirectional learning. Follow-
ing [18], we utilize a time-invariant drift function f(xt, t) =
−0.5β0xt with a symmetric noise schedule (β1 = β0), and
set the boundary noise variances as σ0 = σT = 0.5 with
covariance σ0T = σ2

0/2.
We train the model using AdamW with a learning rate of

1×10−4 and no weight decay. The training is conducted on
4 NVIDIA A800 (80GB) GPUs. To ensure strictly fair com-
parisons, all evaluated models are trained from scratch with-
out using any pre-trained weights. For paired benchmarks,
we adhere to the official training and testing splits; for un-
paired benchmarks, we directly apply the model trained on
LOL-v2-Syn without any fine-tuning. We set the per-GPU
batch size to 8 and employ gradient accumulation every 4
steps, resulting in an effective batch size of 128. To enhance
robustness, random horizontal flipping is applied jointly to
both source and target images during training. For infer-
ence, we adopt the hybrid sampler described in Sec. 2,
which combines deterministic ODE steps with stochastic
noise injection. Unless otherwise specified, we use 80 NFEs
for all reported results.

For quantitative evaluation, we follow the “GT Mean”
protocol [9, 14, 16, 17], which aligns the mean luminance
of the predicted image with its reference before comput-
ing metrics. As discussed in Sec. 1, LLIE is inherently
ill-posed and one-to-many, where dataset targets serve as
reference exposures rather than absolute ground truth. By
factoring out global exposure differences, this protocol en-



courages metrics to better reflect restoration fidelity in terms
of structural details and realistic textures, rather than bright-
ness matching alone. All results for both our method and
baselines are reported under this same evaluation protocol.

4. More Quantitative Results
4.1. More Results on Paired Datasets
We further evaluate our Bi-Bridge on the LSRW [6] and
SICE [1] paired datasets. As shown in Table 2, our method
consistently outperforms prior SOTA models, demonstrat-
ing strong generalization capabilities across diverse lighting
conditions.
Table 2. Extended evaluation on additional paired datasets. We
report PSNR (↑). Best results are in bold.

Dataset RetinexNet [13] KinD [16] Zero-DCE [5] DarkIR [4] CIDNet [15] Ours

LSRW 15.90 16.47 15.83 18.93 19.21 19.49
SICE 12.42 12.98 12.45 13.90 13.43 15.37

4.2. More Results on Unpaired Datasets
To supplement the NIQE results in the main, Table 3 reports
the BRISQUE [10] scores on the five unpaired datasets. Bi-
Bridge achieves highly competitive performance, further
validating its robustness against diverse real-world degra-
dations.
Table 3. Zero-shot generalization performance on unpaired
datasets. We report BRISQUE scores (↓). Best results are in bold.

Method DICM LIME MEF NPE VV

Retinexformer [2] 16.34 21.77 13.78 15.58 22.99
CIDNet [15] 21.47 16.25 13.77 18.92 30.63
ReDDiT [9] 18.13 12.00 9.93 10.42 18.36
DarkIR [4] 18.69 21.62 13.90 12.88 26.87

Ours 16.28 14.52 9.58 12.01 17.72

5. More Visual Comparisons
To provide a more comprehensive assessment of percep-
tual quality, we present additional visual comparisons on
the benchmark datasets.

5.1. Additional Results on LOL-v1
Figure 1 presents a challenging low-light scenario from the
LOL-v1 dataset, featuring a swimming pool environment
with a digital scoreboard. As detailed in the zoomed-in re-
gions (red boxes), accurately restoring the legibility of the
timestamp while maintaining the correct color temperature
is particularly challenging. It can be observed that com-
peting methods such as CIDNet [15] and ReDDiT [9] in-
troduce noticeable color shifts, rendering the scene with
unnatural reddish or greenish casts. Meanwhile, Retinex-
former [2] and SNR-Aware [14] struggle to reconstruct the
sharp edges of the digital digits. In contrast, our Bi-Bridge
effectively suppresses noise and restores high-fidelity tex-
tual details with natural colors, achieving the visual quality
closest to the GT.

5.2. Additional Results on LOL-v2-Real
We further evaluate our method on the LOL-v2-Real dataset
using representative scenes shown in Figure 2. In the
top row, recovering details from the extremely dark region
(highlighted in the red box) proves difficult for baselines
like Retinexformer [2] and CIDNet [15], which suffer from
severe noise artifacts and unnatural greenish casts, whereas
our method successfully restores the distinct wall structures.
Similarly, in the storefront scene (bottom row), while com-
petitors tend to blur the strokes of the characters and pro-
duce washed-out colors, our Bi-Bridge preserves sharp font
edges and vibrant red hues, demonstrating superior fidelity
in both structural and semantic detail recovery.

5.3. Additional Results on LOL-v2-Synthetic
Figure 3 presents results on LOL-v2-Synthetic. The out-
door statue example (top row) corresponds to a challeng-
ing backlit scenario. Many SOTA methods (e.g., Retinex-
former [2] and CIDNet [15]) under-enhance the illumina-
tion, leaving the sculpture significantly darker than the ref-
erence and with muted colors. Our Bi-Bridge produces a
brighter, more natural rendering with richer local details.

In the indoor sculpture scene (bottom row), faithfully
preserving the warm ambient lighting is crucial. GSAD [7]
produces an almost desaturated gray appearance, while
ReDDiT [9] tends to generate hazy, low-contrast outputs.
Bi-Bridge, in comparison, retains both the depth cues of the
relief and the warm color tone of the original scene, leading
to a closer match to the reference.

6. Limitations and Future Work
Limitations. The main limitation of Bi-Bridge lies in its
inference efficiency. As an iterative diffusion-based model,
it remains substantially slower than regression-based LLIE
methods, especially at higher resolutions. To address
this, we plan to explore acceleration techniques, including
knowledge distillation and advanced sampling algorithms,
to bridge the speed gap with regression-based methods.

Future Work. Beyond acceleration, our model’s ability
to synthesize paired low-light/normal-light data opens up
opportunities to leverage large-scale generative priors, such
as Stable Diffusion [11], for LLIE. We plan to investi-
gate how such synthetic datasets can facilitate the trans-
fer of foundation models to complex low-light degradations
and broader real-world scenarios. Furthermore, while our
symmetry-consistent training has proven empirically effec-
tive, conducting a deeper probabilistic analysis to theoreti-
cally formalize its regularization properties remains a com-
pelling avenue for future research.
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Figure 1. Additional qualitative comparison on the LOL-v1 dataset.
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Figure 2. Additional qualitative comparison on the LOL-v2-Real dataset.
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Figure 3. Additional qualitative comparison on the LOL-v2-synthetic dataset.
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