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This appendix provides more implementation details
(Sec. 7), more ablation experiments (Sec. 8), the train-
ing algorithm for stage 1 of LG-ODM (Sec. 9), addi-
tional details on instruction generation in the synthetic data
pipeline (Sec. 10), more comparisons with existing datasets
(Sec. 11), user study (Sec. 12), and qualitative on real-world
scenes with different training datasets. (Sec. 13).

7. More Implementation Details

Training Flare-VLM. We fine-tune Qwen2.5-VL-7B [1]
on our two constructed instruction datasets to obtain Flare-
VLM. The model is trained in a multi-task manner: given
a flare-corrupted image, it is supervised to produce a struc-
tured textual description of the observed flare; given a flare-
free image and its depth map, it is supervised to generate
an edit instruction specifying the flare to be added. We
adopt LoRA-based fine-tuning with rank = 8, learning rate
= 1× 10−4, and train for 500 epochs.

8. More Ablation Experiments

Setting of SADD hyperparameters. As shown in Tab. 5,
the setting (γf, γb) = (0.10,−0.30) yields higher PSNRin
/ PSNRout and SSIMin / SSIMout than (0.05,−0.10), in-
dicating that moderately stronger perturbation in flare re-
gions combined with background suppression is beneficial
for both in-mask restoration and overall image quality. In
contrast, the more aggressive configuration (0.20,−0.50)
does not further improve PSNRin or SSIMin and leads to a
clear drop in PSNRout and SSIMout. We therefore adopt
(γf, γb) = (0.10,−0.30) as the default trade-off.

Tab. 6 evaluates the effect of the timestep sequence
length s in SADD on reconstruction quality. Increasing s
from 2 to 4 improves the quality, indicating that a moderate
increase in sequence length helps the student better align
its denoising trajectory with the teacher. Further increasing
to s = 8 yields no additional gains. Since the computa-
tional and memory costs grow approximately linearly with
the sequence length, we adopt s = 4 as a balanced trade-off
between accuracy and efficiency.
Effectiveness of Different Loss. As shown in Tab. 7, re-
moving the global reconstruction loss Lrec leads to the most
pronounced degradation in structural similarity and percep-
tual quality, indicating that this term plays a key role in
enforcing overall reconstruction fidelity. The regularizer
loss Ldiff promotes alignment between the teacher and stu-
dent distributions, driving predictions toward more realistic

Table 5. Comparison of SADD hyperparameters γf and γb. “in”
and “out” denote evaluation inside and outside the flare mask, re-
spectively.

γf γb PSNRin ↑ PSNRout ↑ SSIMin ↑ SSIMout ↑
0.05 −0.10 31.620 30.951 0.959 0.939
0.10 −0.30 31.918 30.984 0.962 0.942
0.20 −0.50 31.893 30.880 0.960 0.938

Table 6. Comparison of the timestep sequence length s in SADD.

s PSNR↑ SSIM↑ LPIPS↓ FID↓
2 27.922 0.907 0.0693 36.744
4 28.061 0.915 0.0625 34.206
8 28.062 0.915 0.0625 34.208

Table 7. Comparison of different losses.

Loss PSNR↑ SSIM↑ LPIPS↓ FID↓
w/o Ldiff 27.670 0.908 0.0644 36.120
w/o Lrec 27.146 0.893 0.0722 38.669
w/o Llight 27.954 0.913 0.0641 34.850

Full 28.061 0.915 0.0625 34.206

scenes. In contrast, removing the light source loss Llight
mainly weakens the restoration of light source regions and
thus yields only a mild but consistent drop in all quantitative
metrics.
Effectiveness of Different Prompting Strategies. We
evaluated the impact of different prompting strategies,
including no descriptions, generic captions, structured
prompts generated by a generic VLM, and the flare-specific
prompts introduced by our method, as shown in Tab. 8.

As requested, we also randomly remove semantic slots
(Ours*), which leads to only minor degradation.

Table 8. Effectiveness of different prompting strategies.

Prompt Setting None Caption Structure Ours* Ours

PSNR↑ 27.595 27.621 27.633 27.973 28.061
SSIM↑ 0.870 0.872 0.875 0.910 0.915

9. Algorithm of LG-ODM

The pseudo-code of our LG-ODM training algorithm is
summarized as Algorithm 1.



Algorithm 1 Training scheme for Stage 1 of LG-ODM
Input: Training set S, pretrained SD parameterized by ψ
including VAE encoder Eψ , latent diffusion network ϵψ and
VAE decoder Dψ , flare description generator Flare-VLM,
text inversion LLM, CLIPSeg, TextEncoder, light source
mask MLight, fixed timestep T in the one-step denoiser,
training iterations N, noise schedule {αt, ᾱt}Tt=1, SADD
hyperparameters (γf, γb, s)

1: Initialize Gθ parameterized by θ, including
Eθ ← Eψ with trainable LoRA
ϵθ ← ϵψ with trainable LoRA
Dθ ← Dψ with trainable LoRA

2: Initialize regularizer ϵϕ ← ϵψ with trainable LoRA
3: for i← 1 to N do
4: Sample (ILQ, IGT ) from S
5: /* Language-guided conditioning */
6: Pf ← Flare-VLM(ILQ)
7: Pc ← LLM(Pf)
8: c← TextEncoder(Pc)

/* Network forward */
9: Ẑ,Z0 ← Eθ(ILQ),Eθ(IGT )

10: ε← ϵθ(Ẑ, c,T)
11: Ẑ0 ←

(
Ẑ−
√
1− ᾱT ε)/

√
ᾱT

12: Î← Dθ(Ẑ0)
/* Reconstruction and light source losses */

13: Lrec ← LPIPS(Î, IGT )
14: Llight ← LPIPS(MLight ⊙ Î,MLight ⊙ IGT )

15: ∇θLdata ← [Lrec + Llight]
∂Î
∂θ

/* Semantics-Aware Distribution Distillation */
16: M← CLIPSeg(ILQ,Pf)
17: σ(M)← (1 + γf)M+ (1 + γb)(1−M)
18: Sample t from {1, . . . , T}, ε ∼ N (0, I)

19: Ẑt ←
√
ᾱtẐ0 +

√
1− ᾱt

(
σ(M)⊙ ε

)
20: Zt ←

√
ᾱtZ0 +

√
1− ᾱt

(
σ(M)⊙ ε

)
21: T ← {t− s, . . . , t}

Compute ∇θLSADD(Ẑ0,Z0, c) according to Eq. (6)
in main paper
/* Regularizer finetuning objective */

22: Sample ε ∼ N (0, I), t from {1, . . . , T}
23: Ldiff = LMSE

(
ϵϕ
(
αtẐ0 + βtε; t, c

)
, ε
)
.

/* Network parameter update */
24: Update θ with (Ldata + LSADD

)
25: Update ϕ with Ldiff
26: end for
27: Output: Generator Gθ including encoder Eθ, one-step

denoiser ϵθ, decoder Dψ

10. Additional Details on Instruction Genera-
tion in the Synthetic Data Pipeline

We first detect and select physically valid light source re-
gions in each flare-free image Ic. For each light source,
we obtain its semantic category, consistent with the light
source type used in the main text, and its location in the
image plane, corresponding to its position. The position
can be represented by partitioning the image into a reg-
ular grid and assigning each source to a coarse region,
such as upper-left or center, or by converting its normal-
ized image coordinates into a short textual description.
Based on this information, we instantiate the instruction
template: [Add <flare shape> around <light
source type, position>.].

For the geometric prior, we introduce two intermediate
expressions to clarify the underlying optical structure. The
complex pupil function of the imaging system is written as:

Pλ(u, v) = A(u, v) ei ϕλ(u,v), (14)

where A(u, v) is the pupil amplitude at pupil-plane coordi-
nates (u, v) and ϕλ(u, v) is the phase for wavelength λ. The
phase induced by a point light source at three-dimensional
position (x, y, z) is decomposed as

ϕλ(x, y, z) = ϕSλ
(
x/z, y/z

)
+ ϕDFλ (z), (15)

where ϕSλ depends on the viewing direction and ϕDFλ (z) de-
pends only on the depth z. As z increases, the defocus term
ϕDFλ (z) introduces an additional radius-dependent phase on
the pupil, which weakens coherent addition on the sensor
and spreads the energy over a larger area. This optical be-
havior leads to the depth-dependent PSFλ and the flare in-
tensity Fc(s, t; z) for channel c derived in the main text,
together with the inverse-square falloff E ∝ 1/z2.

To generates physics-guided prompts, we replace the
scene depth by the per-pixel depth D(s, t), and precompute
the depth-dependent PSFc on a discrete set of depths using
the same optical model as above. At a fixed reference lo-
cation in the PSF, we read off a scalar value and store it in
a lookup table indexed by depth. Combined with the bi-
nary light source mask M(s, t), we then compute Ic(s, t)
according to the expression provided in the main text, so
that the supervised flare intensity is nonzero only where
M(s, t) = 1.

To convert continuous intensities into discrete levels
that can be expressed in text, we aggregate the three
channel-wise maps Ic(s, t) over c ∈ {R,G,B} within
the light source regions defined by M(s, t) and obtain a
single scalar intensity map. For each image, this scalar map
is normalized to the range [0, 1] based on the minimum
and maximum values of light source pixels, thereby
reducing the influence of global exposure differences. The
normalized values are then thresholded into five ordered
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Figure 10. Comparison of flare synthesis results from different methods with Real-world references. The top row illustrates streak flares,
while the bottom row demonstrates diffused glow effects. Our instruction-driven method generates flare effects that closely match real-
world optical phenomena, exhibiting superior realism and contextual integration compared to existing approaches [9, 48].

Table 9. Qwen2.5-VL perceptual evaluation results. Score 1 mea-
sures optical accuracy and positioning, while Score 2 assesses nat-
uralness and scene integration. Average denotes the overall per-
ceptual quality.

Metric Score 1↑ Score 2↑ Average↑
Wu et al. 2.77 2.26 2.52

Flare7K++ 2.92 2.14 2.53
Ours 3.84 3.15 3.50

bins. For each light source, we aggregate the quantized
labels over the connected region of M(s, t) associated
with that source, for example, by taking the mode, and
obtain a single discrete level <level>. Finally, this
level is inserted into the extended instruction template:
[Add <flare shape> around <light source
type, position>. The flare intensity
is <level>.].

11. More Comparisons with Existing Datasets
Qualitative Comparison. In real-world nighttime scenes,
flares are primarily categorized into streak flare and diffused
glow. As shown in Fig. 10, existing methods exhibit ap-
parent limitations in modeling these types of flares. Wu et
al. [48] predominantly generate structured streak patterns
but do not accurately capture the soft, volumetric scattering
around light sources. In contrast, Flare7K++ [9] tends to
produce extensive diffused glow, which introduces notice-
able artifacts and reduces image fidelity. Moreover, neither
baseline explicitly leverages the semantic and geometric in-
formation of the background image, leading to discrepan-
cies between the synthesized flares and real degradation pat-
terns. Our method addresses these issues by synthesizing
both streak flare and diffused glow with more consistent in-
ternal structure and physically motivated behavior.
Evaluation Based on Vision-Language Model. We em-
ploy Qwen2.5-VL 7B [1] as an automatic perceptual eval-
uator of the synthesized images, following recent practices
that use vision–language models as surrogate human raters.
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Figure 11. User preference pie chart. Our approach has garnered
an 83.33% user satisfaction rating.

For each test sample, we provide the model with the flare-
free reference image, the synthesized image, and a tex-
tual instruction, and ask it to assign two scores on a 1–5
scale, where larger values indicate better perceptual qual-
ity.par Score 1 (optical accuracy and positioning): evaluates
whether the flare is correctly aligned with the light source,
whether its brightness decays naturally from the center, and
whether its shape, orientation, size, and intensity are con-
sistent with basic physical principles.

Score 2 (naturalness and scene integration): evaluates
whether the flare blends plausibly with the scene, whether
the overall image appears realistic and coherent, whether
unmodified regions remain intact, and whether the flare
avoids an obviously artificial appearance.

As shown in Tab. 9, our method attains higher scores
than existing baselines in both optical accuracy and scene
integration, thereby improving the realism and physical
consistency of the synthesized flares.
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Figure 12. Comparison of flare removal results on our DarkZurich test dataset using models trained on different datasets.
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Figure 13. Comparison of flare removal results on our ExDark test dataset using models trained on different datasets.

12. User Study

We conducted a user study to further assess the percep-
tual quality of flare removal. Our method was compared
against two representative baselines of different model
types, Uformer [45] and Difflare [57]. To obtain a diverse
evaluation set, we selected nighttime images containing var-
ious flare patterns and intensities. For each test case, the
ground-truth image and the three restored results were dis-
played simultaneously at the same resolution on the screen.
The three methods were anonymized, and their spatial po-
sitions were randomly permuted for each trial to reduce po-

sitional and labeling bias. Participants were instructed to
choose the restoration that best matched the ground truth in
terms of flare suppression and preservation of scene details.
A total of 30 participants took part in the study. As summa-
rized in Fig. 11, our method receives 83.33% of the votes
under this protocol, indicating that it is most frequently per-
ceived as producing the closest reconstruction to the refer-
ence images.



13. Qualitative on Real-world Scenes with Dif-
ferent Training Datasets.

Fig. 12 and Fig. 13 show flare removal results on real night-
time scenes obtained with models trained on different flare
removal datasets. Across both evaluation sets, the model
trained on our dataset achieves more consistent suppres-
sion of streak flare and diffuse glow around strong light
sources while preserving lane markings, object contours,
and other scene structures. In contrast, models trained on
Wu et al. [48] and Flare7K++ [9] often damage the light
sources and surrounding scene structures.


