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Abstract

In this supplementary material, we first provide additional controllable results in Sec. 1. Next, we provide more results on
ablation studies, including more visual results about text instructions, the learnable instruction prior fusion (LIPF) module,
and iterative instruction strategy, text encoder selection, the effect of ControlNet, the effect of each training module, and the
failure cases of instructions from LLaVA in Sec. 2. Then, we present the efficiency comparison of various low-light image
enhancement methods in Sec. 3. And, we also add a user study to assess whether non-expert text inputs reliably improve
results in Sec. 4. Subsequently, we provide more visual comparisons with state-of-the-art approaches in Sec. 5. Finally, the
limitations of the proposed approach are discussed in Sec. 6.

1. Additional Controllable Results
Figure 10 presents additional controllable enhancement results alongside corresponding Grad-CAM visualizations [14],
demonstrating how different text instructions lead to distinct output variations. The Grad-CAM heatmaps reveal that the
model primarily focuses on regions emphasized by the input instructions, such as facial areas or background elements. This
indicates that our method enables precise and interpretable control in the denoising process, allowing for adaptive enhance-
ment tailored to various light instructions.

2. Additional Results on Ablation Studies
2.1. More Results on Text Instructions (See Table 2 in the main manuscript)
Figures 11-12 and Figures 13-15 present more visual examples demonstrating the impact of text instructions on paired and
real-world datasets, respectively. The comparison reveals that a lack of variation in text instructions affects the model’s ability
to effectively recover fine details and proper illumination in low-light images.

2.2. More Results on Learnable Instruction Prior Fusion (See Table 3 in the main manuscript)
Figure 16 and Figure 17 present more visual examples demonstrating the impact of Learnable Instruction Prior Fusion (LIPF)
on paired and real-world datasets, respectively. As can be seen, our full model is able to produce more vivid and realistic
results.

† Equal contributions.
* Corresponding author.
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Figure 10. Text instructions can control lighting enhancement, producing results under different lighting conditions. The corresponding
Grad-CAM heatmaps [14] highlight the model’s attention areas influenced by the text instructions, such as faces or background regions,
showing how instructions affect visual enhancement.
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Lighting Information: This
image features natural light,
possibly from sunlight outside the
window in the upper left corner.
The lighting in the scene is very
bright, providing a well lit atmo-
sphere for the occupants of the
room.

Shadows and Reflections: Light
shines through the window into
the room, casting clear shadows
on the blue floor. There is no
obvious reflective surface in the
image.

Spatial and Contextual Infor-
mation: The entire image has
vivid colors and high contrast.

Lighting Information: The light
source in the image is artificial
and may come from nearby light
sources. The position of the light
source is not visible. The light
provides sufficient illumination.

Shadows and Reflections: The
light behind the image is darker
than in front, and there is no
obvious reflected light in the
image.

Spatial and Contextual Infor-
mation: There is a desk with two
books and other learning tools
placed on top. The book behind
the table is darker than the book
in front. The entire image has
vivid colors and high contrast.

(a) Input (b) Instructions (k=2) (c) Tab. 2(a) (d) Tab. 2(b) (e) Tab. 2(c) (f) Ours

Figure 11. Visual comparison of text instructions on paired dataset LOL [20]. Results without and with LIPF are presented in the top
and bottom rows, respectively. Our full model generates results with better naturalness according to visual quality and the realism metric,
NIQE.

2.3. More Results on the Iterative Instruction strategy (See Figure 8 in the main manuscript)
Figure 18 provides more visualizations of different iterative instruction strategies applied to three real-world datasets. When
k = 2, the contrast and brightness of the image in the shadowed areas improve significantly, revealing clearer details. The
overall image appears more natural in subjective visual perception and exhibits a higher sense of realism.

2.4. Text Encoder Selection
Considering that the structure and parameter size of different large language models may lead to varying semantic under-
standing capabilities, we conduct experiments on SD2.1 using the T5 encoder [13], BERT [9], and Llama [15], with CLIP
text encoder [12] selected as the baseline encoder. As shown in Table 4, T5 outperforms CLIP and BERT in semantic un-
derstanding, especially for lighting descriptions and scene details, due to its stronger ability to process diverse instructions.
Although Llama achieves the best performance, its large parameter size (7B vs. 770M) significantly increases computational



NIQE

NIQE

5.97 5.16 5.45 4.67

3.79 2.76 5.22 2.43

6.72 6.14 5.99 5.26
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Lighting Information: The light
source in the image is natural
light from the left side of the
image. The light intensity is soft,
but the interior is relatively dark.

Shadows and Reflections: There
are some shadows on the ground
and walls. There are no highlights
or reflective surfaces in the image.

Spatial and Contextual Infor-
mation: The light comes from
the window on the left side of the
image, where sunlight passes
through. The tables and chairs
inside the house.

Lighting Information: The light
source in the image is natural
light, which comes from the sky
at the top. The lighting is evenly
distributed in the scene.

Shadows and Reflections: The-
re are no local brightness changes,
and no obvious shadows or
reflections in this image.

Spatial and Contextual Infor-
mation: The motorcycles, trees,
and buildings in the scene were
brightly illuminated.

(a) Input (b) Instructions (k=2) (c) Tab. 2(a) (d) Tab. 2(b) (e) Tab. 2(c) (f) Ours

Figure 12. Visual comparison of text instructions on paired dataset LSRW [5]. Results without and with LIPF are presented in the top
and bottom rows, respectively. Our full model generates results with better naturalness according to visual quality and the realism metric,
NIQE.
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Lighting Information: The light
source is natural light from the
top left corner. The lighting in the
scene is very bright, creating a
comfortable atmosphere.

Shadows and Reflections: The
illumination of the image is
concentrated in the upper left
corner, much brighter than other
parts, while the illumination on
the right side is insufficient and in
shadow.

Spatial and Contextual Infor-
mation: The sky is blue and
cloudy, indicating daylight. The
entire image has vivid colors and
high contrast.

Lighting Information: The light
source in the image is natural
light, coming from the right side.
The lighting is soft and evenly
distributed without significant lo-
cal brightness changes.

Shadows and Reflections: The
left side of the image is darker
than the right side, and there is a
noticeable reflected light at the
bottom of the image.

Spatial and Contextual Infor-
mation: The buildings in the left
are slightly darker than the sky,
which is cloudy. The sunlight
reflects warm light on the water
surface through the clouds.

(a) Input (b) Instructions (k=2) (c) Tab. 2(a) (d) Tab. 2(b) (e) Tab. 2(c) (f) Ours

Figure 13. Visual comparison of text instructions on real-world dataset DICM [8]. Results without and with LIPF are presented in the
top and bottom rows, respectively. Our full model generates results with better naturalness according to visual quality and the realism
metric, NIQE.

costs. Balancing performance and efficiency, we select T5 as our final text encoder.

2.5. Effect of Each Training Module
For trainable modules, LIPF fuses semantic instructions with visual features at each diffusion stage. ControlNet ensures
structural consistency with the low-light input. And image encoder provides low-light latent embeddings for ControlNet.
Thus, we provide an ablation study of fixing each training module to illustrate their contributions (Note image encoder is
required), as shown in Table 5. As can be observed, our final full model achieves better performance, demonstrating the
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6.12 5.86 6.03 5.59

4.36 4.08 4.19 3.32

6.53 6.77 6.38 5.92

Lighting Information: The light
source is natural light from the
left side of the image. The soft
and diffuse lighting creates a
warm and enticing atmosphere.
The lighting is evenly distributed
throughout the scene, without
obvious local brightness changes.

Shadows and Reflections: : Due
to the light from behind, the
background is brighter, and the
front is in shadow, with some
reflected light.

Spatial and Contextual Infor-
mation: Both the beach and
coconut trees are well lit. There
are some orange lights flickering
in the distance from the beach.

Lighting Information: The light
source is artificial light from the
center of the image. The overall
lighting is relatively dim. There is
a noticeable change in brightness.

Shadows and Reflections: The
background of this image is in
shadow, and there are many
bright spots in the center of the
image.

Spatial and Contextual Infor-
mation: As it is night, the back-
ground sky is in shadow, and
there are many bright spots
shining through the windows of
the building in the center of the
image.

(a) Input (b) Instructions (k=2) (c) Tab. 2(a) (d) Tab. 2(b) (e) Tab. 2(c) (f) Ours

Figure 14. Visual comparison of text instructions on real-world dataset NPE [17]. Results without and with LIPF are presented in the top
and bottom rows, respectively. Our full model generates results with better naturalness according to visual quality and the realism metric,
NIQE.
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Lighting Information: The light
source is artificial. The position
of the light source is not visible,
but it may come from the front of
the image. The light is very strong,
shining clearly the whole image,
creating a warm atmosphere.

Shadows and Reflections: There
is a noticeable change in the
lighting in the scene, with the
background sunset in shadow.

Spatial and Contextual Infor-
mation: The image shows a
woman sitting in front of the
camera at sunset.

Lighting Information: The light
source of this image is artificial
lighting. The light source may
come from the front. The lighting
is soft, creating a comfortable
atmosphere.

Shadows and Reflections: The
background is in shadow, and
there is no reflective surface in
the image.

Spatial and Contextual Infor-
mation: In a bright scene, a
woman smiles at the camera. The
lighting is concentrated on the
woman in front of the image, and
a street lamp is flashing. The
color of the entire image is vivid
with high contrast.

(a) Input (b) Instructions (k=2) (c) Tab. 2(a) (d) Tab. 2(b) (e) Tab. 2(c) (f) Ours

Figure 15. Visual comparison of text instructions on real-world dataset VV [16]. Results without and with LIPF are presented in the top
and bottom rows, respectively. Our full model generates results with better naturalness according to visual quality and the realism metric,
NIQE.

effectiveness of each component used in our model.

2.6. Failure Cases of Instruction from LLaVA
LLaVA may generate inaccurate or misleading descriptions. For example, when both natural and artificial light sources
coexist in an image, LLaVA generates an inaccurate instruction (e.g., the first row of Figure 19(c)): The main light source for
this image is artificial light, coming from the flickering ceiling lights at the top, illuminating the dim indoor train platform.
The lighting in the scene is uniform, projecting clear figures below commuters. However, LLaVA incorrectly identifies the
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Figure 16. Visual comparison about LIPF on LOL [20] (upper) and LSRW [5] (lower) datasets. Our VLM-IMI generates more natural
and vivid results.

Table 4. Quantitative results of the ablation study on different text encoders using the LOL [20] test sets.

Text Encoder Param LOL [20]
PSNR ↑ SSIM ↑ LPIPS ↓

CLIP [12] 151M 17.791 0.663 0.265
BERT [9] 340M 19.864 0.749 0.217
Llama [15] 7B 22.083 0.815 0.162
T5 [13] (Ours) 770M 21.112 0.802 0.155

Table 5. Ablation study of fixing each training module on LOL [20], LSRW [5], DICM [8], NPE [17], and VV [16] datasets.

ID Module
LOL [20] LSRW [5] DICM [8] NPE [17] VV [16]

PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓ MUSIQ ↑ NIQE ↓ MUSIQ ↑ NIQE ↓ MUSIQ ↑ NIQE ↓
(a) w/o LIPF & w/o ControlNet 12.513 0.362 0.516 10.112 0.287 0.533 55.903 5.104 56.568 6.511 38.615 5.861
(b) w/o LIPF & w/ ControlNet 18.534 0.715 0.258 17.419 0.472 0.267 60.279 4.057 59.202 4.637 41.730 4.508
(c) w/o ControlNet & w/ LIPF 16.779 0.597 0.338 15.283 0.359 0.406 58.428 4.633 57.005 4.372 43.128 4.457
(d) Full Model (Ours) 21.112 0.802 0.155 19.351 0.548 0.173 64.661 3.551 64.097 3.421 45.984 3.523

main light source as artificial, whereas the actual scene is primarily illuminated by natural daylight, e.g., the first row of
Figure 19(f). To better understand the effect, we first collect five real-world low-light images that produce the hallucination
problem of VLM. We then conduct experiments on these five images to analyze the effect of LIPF. The results are summarised
in Table 6 and Figure 19. The results demonstrate that our VLM-IMI with LIPF delivers better performance on both metrics
than Diff-Plugin. Although our VLM-IMI without LIPF achieves slightly higher MUSIQ scores than the model with LIPF,
it produces worse metrics in NIQE. Overall, the hallucination problem of VLM affects our final enhancement quality but has
a slight influence, even still outperforming the state-of-the-art approach when our method faces the hallucination problem of
VLM.
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Figure 17. Visual comparison about LIPF on DICM [8] (upper), NPE [17] (middle), and VV [16] (lower). Our VLM-IMI generates
more natural and vivid results.

Table 6. Failure cases of instruction from LLaVA. We first collect five real-world low-light images that produce the hallucination problem
of VLM. We then conduct experiments on these five images to analyze the effect of LIPF. Note that “Right Case” denotes the enhanced
results produced by using the correct instruction.

Methods MUSIQ ↑ NIQE ↓
(a) Diff-Plugin [11] 55.290 3.891
(b) VLM-IMI (w/o LIPF) 56.736 3.917
(c) VLM-IMI (w/ LIPF) 55.977 3.809
(d) Right Case 58.249 3.562

3. Efficiency Comparison
We report the efficiency comparison of various methods at a resolution of 512×512 on an RTX A6000 GPU, as shown in
Table 7. Existing vision-language model-based methods also face the challenges of running time. We acknowledge that
higher computational demand makes VLM-IMI unsuitable for real-time or resource-constrained scenarios. Our design in-
stead prioritizes enhancement quality and controllability, which are especially valuable for image enhancement applications.



Table 7. Efficiency comparison of various methods at a resolution of 512×512 on an RTX A6000 GPU.

Methods Params (M) FLOPs (G) Inference Time (s)
PairLIE [4] 0.34 5.59 0.07
NeRCo [21] 45.73 1013.62 2.72
CLIP-LIT [10] 0.28 72.85 2.38
Retinexformer [1] 1.61 62.36 2.01
DiffLL [7] 22.08 87.83 5.17
GSAD [6] 17.43 9.42 4.81
QuadPrior [19] 859.52 1220.88 7.81
Diff-Plugin [11] 14.86 0.74 6.33
UniProcessor [3] 623.29 1357.04 5.24
InstructIR [2] 17.11 64.76 2.71
GPP-LLIE [22] 131.18 1425.79 4.10
GEFU [18] 1.70 913.46 8.11

VLM-IMI 481.11 1162.15
k = 1: 3.75; k = 2: 8.64

Manual: 3.91

4. User Studies
We conduct a user study to assess whether non-expert text inputs reliably improve results. Specifically, we select 10 real-
world low-light images and generate enhanced outputs under both iterative instruction (k = 1, k = 2) and manual instruction
modes. For each image, we create three types of manual instructions: (a) The lighting in this image is sufficient, ensuring
that the entire image is clear and visible. (b) The scene is lit by natural light from the distant sky. The foreground is relatively
darker compared to the more illuminated background. (c) The lighting in the scene is soft and evenly distributed, providing
consistent illumination without strong variations in brightness or shadows. We then present the enhanced results alongside
their corresponding instructions to five users, who rate whether the enhancement matched the intent of the instruction (e.g.,
user satisfaction). The results are summarized in Table 8. Manual instructions yield high user satisfaction rates (up to 92%),
which demonstrates that non-expert textual inputs can reliably guide the enhancement process.

Table 8. User Studies. We compare iterative instructions (k=1, k=2) and three types of manual instructions: (a) The lighting in this image
is sufficient, ensuring that the entire image is clear and visible. (b) The scene is lit by natural light from the distant sky. The foreground
is relatively darker compared to the more illuminated background. (c) The lighting in the scene is soft and evenly distributed, providing
consistent illumination without strong variations in brightness or shadows. Five users judge whether each enhanced result matched the
intended instruction (e.g., user satisfaction).

Options Iterative Instructions Manual Instructions
k =1 k = 2 (a) (b) (c)

User Satisfaction 76% 88% 90% 92% 86%

5. Additional Comparison Results with State-of-the-art Approaches
We provide more visualizations of various low-light image enhancement methods on five datasets. Figures 20-21 show more
visual comparison results on paired datasets, LOL [20] and LSRW [5]. Figures 22-24 show present visual comparison results
on real-world datasets, DICM [8], NPE [17], and VV [16]. It can be observed that our proposed VLM-IMI achieves the best
visual results with more natural outputs. Moreover, our proposed VLM-IMI also obtains the realism metric, i.e., NIQE.

6. Limitations
Extreme low-light scenarios, where scenes are heavily degraded by darkness and noise with minimal useful signal remaining,
exceed the capabilities of our method. Furthermore, the diffusion-based framework, although robust to noise, still relies
on the presence of discernible features in the latent space to guide the generation. When those features are lost due to
extreme lighting conditions, the model’s ability to infer plausible outcomes diminishes. As one of the future directions, we
aim to integrate auxiliary data (e.g., infrared signals or event-based cameras) to enhance performance in highly challenging
scenarios.
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Figure 18. Visual comparison of the iterative instruction strategy on real-world datasets about DICM [8] (upper), NPE [17] (middle),
and VV [16] (lower).
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Figure 19. Visual comparison about failure cases of instruction from LLaVA.
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Figure 20. Visual comparison on the LOL [20] dataset. Our VLM-IMI produces more realistic results with sharper structures and textures.
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Figure 21. Visual comparison on the LSRW [5] dataset. Our VLM-IMI generates more realistic results with sharper structures and
textures.
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Figure 22. Visual comparison of real-world images on the DICM [8] dataset. Our VLM-IMI generates results with better naturalness.
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Figure 23. Visual comparison of real-world images on the NPE [17] dataset. Our VLM-IMI generates results with better naturalness.
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Figure 24. Visual comparison of real-world images on the VV [16] dataset. Our VLM-IMI generates results with better naturalness.
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