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Abstract

In this paper, we observe that the collaboration of
various foundation models can perceive semantic and de-
graded information within images, thereby guiding the low-
light enhancement process. Specifically, we propose a self-
supervised low-light enhancement framework based on the
multiple foundation models collaboration (dubbed FoCo),
aimed at improving both the visual quality of enhanced im-
ages and the performance in high-level applications. At the
feature level, FoCo leverages the rich features from various
foundation models to enhance the model’s semantic percep-
tion during training, thereby reducing the gap between en-
hanced results and high-quality images from a high-level
perspective. At the task level, we exploit the robustness-
gap between strong foundation models and weak models,
applying high-level task guidance to the low-light enhance-
ment training process. Through the collaboration of multi-
ple foundation models, the proposed framework shows bet-
ter enhancement performance and adapts better to high-
level tasks. Extensive experiments across various enhance-
ment and application benchmarks demonstrate the quali-
tative and quantitative superiority of the proposed method
over numerous State-of-the-art techniques.

1. Introduction

Images taken under short exposure or low-light con-
ditions frequently suffer from significant degradation, in-
cluding loss of color information and the introduction of
substantial noise. Such degradation severely impacts the
performance of downstream tasks [19, 36]. Low-light im-
age enhancement (LIE) aims to restore input images cap-
tured in low-light environments to high-quality, well-lit im-
ages. With the advancement of deep learning technology
in computer vision, recent research [2, 25, 31, 33, 34, 39]
has achieved low-light image enhancement through super-
vised training on paired datasets. However, collecting
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Figure 1. The proposed approach demonstrates substantial im-
provements over existing unsupervised methods in terms of en-
hancement tasks (PSNR, SSIM) and application tasks (classifi-
cation/Acc, face detection/AP, and instance segmentation/mAP) ,
attributed to the proposed Multi-VFM Collaboration Framework.
Compared with previous unsupervised LIE learning paradigms (a)
and (b), the proposed framework (c) can make full use of the foun-
dation models from a collaborative perspective to improve visual
quality and downstream task performance.

the substantial amount of paired images required for these
methods is both time-consuming and costly, which high-
lights the broad potential applications of self-supervised ap-
proaches [6, 7, 13, 18]. As shown in Fig. | (a), early self-
supervised training paradigms mainly relied on manually
defined priors, such as smoothness priors, brightness pri-
ors, or histogram equalization. The drawback of such prior-
based frameworks is their lack of connection with semantic
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information, and the efficacy of these prior functions can
diminish under complex natural conditions. For instance,
the smoothness prior may sometimes degrade semantic in-
formation, limiting these methods’ performance in practical
applications and impacting the visual quality of results.

Recognizing these limitations, as illustrated in Figure
1 (b), some approaches [15, 16, 27, 29, 37] have intro-
duced high-level models into the training of Low-light Im-
age Enhancement (LIE) models, significantly improving the
model’s ability to retain semantic information. However,
this line of research typically relies on a specific high-level
model and does not fully explore the potential of differ-
ent vision models, resulting in only limited visual improve-
ments. In recent years, the emergence of various foundation
vision models widely applied in real-world scenarios has
led us to consider integrating multiple foundational mod-
els from a collaborative perspective, which aims to improve
the visual quality and practical performance of LIE methods
more effectively.

In this work, we explore the use of multiple foundation
models to strengthen the self-supervised enhancement pro-
cess, as shown in Figure 1 (c). To this end, We address
two key challenges: (1) how to effectively utilize pre-trained
knowledge? (2) how to handle differences between mod-
els? To deal with these challenges, we propose FoCo,
a Low-light Image Enhancement (LIE) framework based
on the multiple foundation models ensemble, aligning the
enhancement results with high-quality images from both
feature-level and task-level perspectives. As the core strate-
gies to implement FoCo, we introduce two optimization
strategies: Foundation Feature-space Alignment (FoFA)
and Gap-driven task-based Alignment (GaTA). FoFA fo-
cuses on creating a unified feature space for foundation
models, using adversarial learning to align enhanced re-
sults with high-quality image sets. GaTA leverages robust-
ness differences across models to model degradation sce-
narios, using robust pseudo-labels to directly incorporate
high-level task training into the enhancement model’s op-
timization process.

In summary, the contributions of this paper are as fol-
lows:

* We are the first to explore the collaborative effects of mul-
tiple vision foundation models on the LIE task, and then
propose FoCo, a framework designed to enhance both
the human- and machine-understanding performance of
unsupervised LIE methods by leveraging complementary
interactions among multiple foundational vision models.

* We introduce two key strategies FoFA and GaTA to fully
exploit the pre-trained knowledge of foundation models,
which align enhancement results and high-quality images
from the perspective of foundation models.

* We conduct extensive experiments on benchmarks for
low-light enhancement, object detection, instance seg-

mentation, and classification. The experimental results
show significant performance improvements, demonstrat-
ing the proposed method’s effectiveness in enhancing vi-
sual quality and application performance.

2. Related works
2.1. Low-light Image Enhancement

Supervised methods, such as RetinexNet [25],
KinD [33], and more recent approaches like Retinex-
former [2], Diff-Retinex [31], and GLARE [39], utilize
paired datasets and advanced model architectures to en-
hance image quality. While successful, these methods face
challenges due to their dependence on large-scale paired
datasets, which are difficult to obtain in real-world scenar-
ios. Unsupervised methods, such as EnLightenGAN [11],
and CoLIE [4], aim to overcome this limitation by eliminat-
ing the need for paired data, leveraging adversarial learn-
ing and multimodal approaches. However, these methods
often neglect integration with high-level models, limiting
their ability to preserve semantic information and adapt to
downstream tasks.

2.2. High-Level guided Enhancement

Recent works [15, 16, 27, 29, 37] have increasingly
focused on leveraging high-level models to supervise low-
light enhancement models, aiming to improve the fidelity
of the enhancement results. For example, SGZ [37] incor-
porates the concept of focal loss to maximize the logits of
a pre-trained semantic segmentation model, enhancing the
model’s ability to preserve semantic information. SKF [27]
integrates features from semantic segmentation models into
the enhancement model and proposes a semantic-based his-
togram equalization loss and adversarial loss based on seg-
mentation results. Methods like NeRCo [29] and CLIP-
LIT [16] employ pre-trained CLIP models to align enhance-
ment results with high-quality images during adversarial
training. The methods above have significant success, but
a common limitation of these approaches is their reliance
on a specific high-level model, and they often do not fully
exploit the model’s potential.

3. Methods
3.1. FoCo Framework

To implement the low-light enhancement process, we
first define a simple enhancer G for enhancing a low-
light input image |, and then use some priors to constrain
the behavior of G. By incorporating the smoothness and
consistency losses Lc borrowed from [21] and [6], we
can construct a baseline low-light enhancement model that
fully relies on simply defined hand-crafted prior. However,
this dependency on these hand-crafted prior compromises
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Figure 2. Overview of the proposed low-light enhancement method, which enhances a basic LIE model using multi-foundation model
ensemble. Given the set of pre-trained foundation models, the enhancement model first performs basic enhancement, followed by super-
vision from the ensemble through two strategies: (1) Feature-Level: adversarial training aligns enhanced results with high-quality images
in the unified feature space, and (2) Task-Level: robustness differences between models are used to align the enhancement results with

high-quality images on high-level tasks.

the model’s visual quality and adaptability to downstream
tasks. Mathematically, such a straightforward image-level
enhancement approach can be formalized as:

argmind(G(1); f); (1)

where f\represents the ideal normal-light image, denotes
the parameters of the enhancement model, d() is the dis-
tance measurement function. To address the limitations of
the prior-based approach, we introduce FoCo framework
designed to enhance this model from the perspective of mul-
tiple foundation models collaboration. Specifically, we pro-
pose (1) Foundation Feature-space Alignment (FoFA), at
the feature level (indicated in green), and (2) Gap-driven
Task-based Alignment (GaTA), at the task level (indicated
in blue). These strategies leverage the feature extraction
process (denoted as F T) and task decision process (denoted
as F1) of foundation models. Thus, FoCo’s optimization
objective can be expressed as:

argmin f(_G?z)_q + f(Ff(G(B); Ff([\)g

FoFA

+ f(F‘(Gq;); Ft(lbg:

GaTA

The corresponding framework is illustrated in Figure 2.

3.2. Foundation Feature-space Alignment

Observation. Figure 3 (a) displays a GAN-enhanced low-
light image from the LIS [3] dataset, alongside its Mask-
RCNN detect result. The GAN was trained in an unpaired

manner on the LIS dataset. It can be observed that the GAN-
enhanced result suffers from significant semantic degra-
dation, likely due to the discriminator’s limited semantic
awareness, which fails to guide the generator effectively.
This observation leads us to a potential solution: could we
enhance the discriminator by incorporating a feature extrac-
tor with strong semantic awareness? As shown in Figure 3
(b), we use CLIP, SAM and ResNet separately to extract
feature maps from both images. Incorporating these base
models into the discriminator training process, as shown
in Figure 3 (a), led to significant improvements in detec-
tion performance. However, SAM produced darker results,
CLIP introduced color bias, and ResNet maintained limited
semantic integrity. We hypothesize that these differences
stem from the varying focus of each foundational model:
CLIP prioritizes the primary objects in the image and is less
sensitive to color bias and subtle degradations, SAM cap-
tures fine-grained semantics but lacks sensitivity to light-
ing conditions, while ResNet offers weaker semantic un-
derstanding compared to the other models but is more sus-
ceptible to degradations and lighting variations, which still
contributes to the discriminator’s learning. Interestingly,
ResNet’s lack of robustness to degradations may become a
key factor in complementing CLIP and SAM, while the dis-
criminator needs to identify degradation and illumination.
As shown in Figure 3 (c), where we observed that ResNet’s
features were more sensitive to lighting variations compared
to the other models.

This inspires us that CLIP, SAM, and ResNet may com-
plement each other at the feature level: CLIP highlights
key objects, SAM provides fine-grained guidance, and
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Figure 3. The perception capabilities of foundation models on unsupervised low-light enhancer training. (a) presents the discriminator
feature maps, enhanced results, and instance segmentation outcomes using different foundation model-supervised discriminators. (b)
illustrates the process of adversarial training supervised by the foundation model. (c) compares the robustness of CLIP and ResNet feature
maps under varying lighting conditions. The results suggest that foundation models may collaborate at feature level.

ResNet adds degradation-related information to guide se-
mantic learning in the discriminator. However, the feature
spaces of CLIP, SAM, and ResNet are unaligned, prevent-
ing the discriminator from directly utilizing their outputs.
The challenge now is how to effectively integrate CLIP,
SAM, and ResNet into the discriminator training process.
Method. Based on this observation, Foundation Feature-
space Alignment (FoFA) aims to leverage features from
different foundation models to bring the enhanced results
closer to a high-quality image set . Let Fi;j denote the
feature extractor of the i-th pre-trained foundation models,
extending up to the j-th layer, given the varied structures
and training data of these models, our goal is to construct a
unified feature space I‘—Aj and find semantic and degradation
information in it that is beneficial to the enhancement pro-
cess. To this end, we use a series of convolutional projectors
Pi;j to map the features from different spaces into a unified
feature space. To align the numerical scale of these features
with the subsequent modules, we normalize the output fea-
tures, defined as:

Pl 0 = Norm(Pij (Ff; 00))isitx - p();  (3)

n o,
A= A _iStx p0o; (4)

where N denotes the count number of foundation models,
P is the convolutional projectors and F,f j denotes feature
extraction with foundation models. Then we adopt an ad-
versarial learning approach by introducing a discriminator
D, which links the features from the foundation models
with the enhancement model. The input to D consists of
images along with their corresponding semantic informa-
tion derived from the unified feature space. Specifically, in-
spired by [27], we employ cross-attention across both spa-
tial and channel dimensions between the image features and
the semantic features to generate attention maps A® and AS:

p

A° = Softmax P ij pca ij =C;

psa P :pH W (6)

S = Softmax PSK ij
where [~ = I‘—Ajf (x) and 2 is the feature map of j-th layer
in D. These attention maps are then utilized to adjust the
original image features to the output feature fjo as follows:

fP=A° A +TD (7

The optimization objective of D is to align its learned
features with the outputs of the foundation model while si-
multaneously distinguishing between enhanced low-quality
images and high-quality images. Throughout this process,
it is crucial to ensure that the features input to the classi-
fication layer of D are closely related to the semantic and
degradation information. Based on the observation, the loss
function for the discriminator D can be expressed as fol-
lows:

Lo = Ex prignoollogD() + DT(x) FR(x) ]
Ex powoollog(l  D(G(x)))+
DF(G(x)) FRGMX) I;
8)
Le = Ex pioweollog D(G(X))]; )

where m denotes the layer count of the foundation model,
DT denotes feature extraction with discriminator. The dis-
criminator D effectively projects the foundation models’
features into a unified feature space, providing valuable
guidance for the enhancement model. Unlike traditional
image-level adversarial training, FOFA focuses on selected
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Figure 4. Robustness to illumination across models. (a) and (b)
show the similarity of results between CLIP and ResNet under dif-
ferent lighting adjustments. (c) and (d) present specific image ex-
amples, along with the classification results and confidence scores.
The goal of GaTA is to optimize the augmented results towards a
direction that enhances correct recognition.

semantic features, with the goal of aligning enhanced re-
sults with the high-quality image set.

The strength of FoFA lies not only in its ability to
preserve semantics but also in its optimization objective,
which is designed to enhance compatibility with down-
stream tasks. In FoFA, the discriminator D is specifically
designed to inherit the strong semantic perception capabili-
ties of the multi-foundation models. From another perspec-
tive, if the semantic information can no longer distinguish
the enhanced result from the high-quality image, the high-
level model’s perception of the enhanced result will be in-
distinguishable from that of the high-quality image. There-
fore, for downstream tasks, FOFA effectively transforms de-
graded images into the high-level models’ familiar domain.

3.3. Gap-driven Task-based Alignment

Observation. FoFA improves the similarity between aug-
mented results and high-quality images at the feature level,
however, a constraint is still needed to assess whether the
augmented results are easy to recognize. In Section 3.2, we
observed that ResNet is more sensitive to illumination com-
pared to CLIP. This raises the question: can we also observe
robustness differences between these models at the task
level? To explore this, we generated images under different
lighting conditions using two methods: (1) fusing low-light
and normal-light image pairs from the LSRW dataset (Get
the pixel value according to the fusion ratio ) (2) applying
gamma transformations to images from ImageNet-1k. As
shown in Figure 4, low-light conditions degrade the perfor-
mance of both CLIP and ResNet, but ResNet is more sig-
nificantly affected. Interestingly, their predictions are most
similar under normal conditions, suggesting that CLIP’s ro-

bustness stems from its training on large-scale data, while
ResNet is more sensitive to illumination and degradation.
This motivates us to leverage these robustness differences to
guide the enhancement model to produce clean and well-lit
results, aiming at “detecting” the degradation and bright-
ness, which can be seen as obstacles in recognition.
Method. Gap-driven Task-based Alignment (GaTA) lever-
ages the robustness differences between models to evaluate
whether the augmented results are sufficiently good to be
easily recognized. From another view, GaTA employ the
less robust model as a “degradation detector” while the ro-
bust model functions as a ground truth provider. We found
that tasks such as segmentation, classification, and detection
can be applied to GaTA, with CLIP and ResNet serving as
representative robust and degradation-sensitive models, re-
spectively. Let F! represent the robust model and F S repre-
sent the degradation-sensitive model. Following the obser-
vation and robustness study in [22], we can apply CLIP and
ResNet for F! and F3, respectively. For each enhanced im-
age, we first use the robust model to generate pseudo-labels
and obtain the logits from the sensitive model:

Y!'=F(GX);sitix  piow(X); (10)

Y =F5(G(X));sitix  Prow(X): (11)
A key issue to consider is that pseudo-labels are not al-
ways accurate. In extreme cases, if the generation quality of
G(x) is very poor, even robust models may fail to provide
fully accurate labels. Fortunately, during iterative training,
we can collect multiple enhanced results for each training
image, constructing a memory bank of size T. Leverag-
ing this memory bank, we can apply a voting mechanism to
correct the pseudo labels:

n X h i
Yi=argmax | argmax p(Y{=c") =c¢ ; (12)
Cc C
t=1
where ¢ denotes the predicted class for each individual im-
age while C represents the final pseudo-label. Finally, we
apply a high-level task loss to supervise GaTA:

Loata = Ln(Y Y1), (13)

where Lp denotes the specific task loss for Y S and Y.
Please note that both F! and F¢ are frozen during GaTA
training. By exploiting the robustness differences between
models in a straightforward manner, GaTA effectively tests
for degradation at the task level, ensuring the enhanced re-
sults exhibit both visual quality and strong performance in
downstream applications.

4. Experiments
4.1. Implementation Details

The proposed method is implemented using PyTorch,
running on an NVIDIA TITAN RTX GPU alongside an In-
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Table 1. Benchmarking results for low-light enhancement. Among unsupervised methods, we highlight the top-ranking scores in red and

the second in blue.

Supervised ‘ Unsupervised
Datasets | Metrics | "potinexformer [2] LLflow [24] SKF[27] Kind++ [34] | EnGAN[11] SCI[21] RUAS[I8] ZeroDCE[6] SCL-LLE[I5] SGZ[37] CoLIE [4] Ours
ICCV°23 AAAT'22  CVPR'23  TICV2I TIP'21 CVPR'22 CVPR2I  CVPR'20 AAAT22  WACV’22 ECCV'24
PSNR" 17.98 17.18 19.31 16.52 17.83 15.44 741 16.38 1321 16.91 1396  18.61
Huawei | SSIM™ 0.61 0.63 0.61 0.50 0.59 0.55 0.60 0.47 0.49 0.56 0.47 0.72
LPIPS# 0.32 0.31 0.32 0.40 0.35 0.36 0.42 0.41 0.37 035 0.39 0.35
PSNR™ 16.87 18.06 9.35 15.09 15.86 17.52 775 16.68 15.11 17.37 1492 1776
Nikon | SSIM™ 0.63 0.54 0.34 0.34 0.58 0.55 0.59 0.58 0.59 0.61 0.55 0.67
LPIPS# 0.33 0.37 0.53 0.53 0.37 0.38 0.46 0.39 0.38 0.38 0.39 0.37
PSNR" 23.28 16.32 16.59 14.11 12.83 16.29 9.52 13.50 15.70 10.62 1871 1958
FiveK | SSIM" 0.84 0.77 0.77 0.70 0.78 0.83 0.66 0.73 0.77 0.43 0.82 0.83
LPIPS# 0.24 0.19 0.20 0.20 0.14 0.14 0.30 0.23 0.21 0.33 0.16 0.13
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Figure 5. Visual Comparisons on Low-Light Enhancement Datasets.

tel(R) Xeon(R) Gold 6252 CPU @ 2.10GHz. Training is
conducted with the Adam optimizer, using a learning rate
of le-4. All images are resized to 448x448 pixels, and the
model is trained with a batch size of 32 over 50 epochs.
For ResNet, we utilize the pre-trained weights obtained
from training on ImageNet, following the origin setting in
[9]. For CLIP and SAM, we employ the official weights
trained on their respective datasets. For the training set
of high-level applications, we randomly sample low-light
images from ExDark [20] and normal-light images from
COCO [17] as training set and test the obtained weights on
the test sets of all benchmarks. More information can be
found in Supplementary.

4.2. Benchmarks

The performance of our method is evaluated across
four metrics relevant to low-light enhancement: reference-
based low-light enhancement, low-light image classifica-
tion, low-light instance segmentation, and low-light face
detection. Specifically, reference-based low-light enhance-
ment is evaluated using the MIT-FiveK [1], Nikon, and
Huawei [8] datasets, from which we select 500, 945, and
735 paired low-light and normal-light samples; Low-light
image classification uses the CODaN [12] dataset, a 10-
class dataset with a training set of 10,000 daytime images
and a test set comprising 2,500 daytime and nighttime im-
ages. Low-light instance segmentation is performed using

the LIS [3] dataset with 2230 images. For low-light face de-
tection, we use the darkface [30] dataset, containing 6,000
images captured under low-light conditions, from which we
select 1800 images for testing.

To provide a comprehensive comparison, our method
is benchmarked against 4 state-of-the-art supervised learn-
ing methods, including Retinexformer [2], LLFlow [24],
SKF [27], and KinD++ [34], as well as 7 unsupervised
learning methods, such as Zero-DCE[6], RUAS [18], En-
lightGAN [11], SGZ [37], SCL-LLE [15] CoLIE [4] and
SCI [21] across all tasks.

4.3. Enhancement Tasks

To validate the effectiveness of our method in terms
of generalization performance, we evaluated the proposed
framework on several benchmark datasets, i.e. MIT-
FiveK [1], Nikon and Huawei [8] datasets, using PSNR,
SSIM, and LPIPS as performance metrics. The measure-
ment results are presented in Table 1. It is evident that
our proposed method demonstrates advantages compared
to other self-supervised approaches, exhibiting competitive
performance in terms of PSNR, SSIM, and LPIPS.

Figure 5 illustrates a visual comparison between our
method and other approaches. While alternative methods
may struggle with incomplete degradation removal or loss
of semantic information, our method consistently demon-
strates its ability to effectively recover image details. This

16076



Table 2. Performance comparison on different high-level benchmarks: CODaN for classification, Darkface for face detection, and LIS for
instance segmentation. Highlighted in red are the top scores, and in blue are the second best methods.

‘ ‘ ‘ ‘ Supervised ‘ Unsupervised
Datasets | Detectors | Metrics | RaW | ‘peformer  LLflow ~ SKF  Kind++ | ENGAN  SCI RUAS  ZeroDCE SCLLLE  SGZ ColIE
ICCV'23  AAAI'22 CVPR'23 1ICV'21 | TIP21 CVPR'22 CVPR2I CVPR'20 AAAI'22 WACV'22 ECCV'24  OU®
CobaN | ResNet!s Acc | 0502 | 0.551 0.533 0525 0539 | 0531  0.565 0.556 0.565 0.572 0.573 0.564  0.588
EfficientNet | Acc | 0.587 | 0.614 0.653 0616 0559 | 0630 0573 0.535 0.605 0.676 0.591 0652 0742
Darkface | S3F AP | 0.603 | 0.653 0.636 0621 0646 | 0638 066l 0.641 0.648 0.669 0.665 0656 0.683
DSFD AP | 0274 | 0337 0.348 0351 0367 | 0331 0349 0.326 0.367 0.334 0358 0334 0381
LIS MaskRONN | AP [ 0228 | 0303 0.286 0258 0309 | 0286  0.301 0277 0317 0.309 0317 0309  0.331
mAPS9 | 0,198 | 0.252 0254 0237 0258 | 0244 0263 0.238 0.273 0.265 0272 0258 0281

Figure 6. Visual Comparisons and High-level Results on CODaN, Darkface, and LIS Dataset. The first row shows CODaN and the
classification results by ResNet (color denotes incorrect/correct), the second row shows the Darkface detection results by S3FD, and the

third row shows the LIS and detection results and Mask-RCNN.

further substantiates the advanced capabilities of the pro-
posed framework.

4.4. High-level Tasks

Low-Light Classification. We evaluate the adaptabil-
ity of various methods for low-light image classification
tasks on the CODaN [12] dataset. For our experiments, we
employ the official ResNet18 model, which was trained on
the daytime portion of the dataset, as our primary detector.
Additionally, to mitigate the impact of domain differences,
we incorporate an EfficientNet [23] model trained on Ima-
geNet, targeting classes corresponding to those in the CO-
DaN dataset, as a supplementary detector. Using these two
detectors, we assess Top-1 Accuracy as our evaluation met-
ric. As shown in Table 2, our proposed method outperforms
other low-light enhancement techniques, demonstrating ex-
ceptional performance. This superiority can be attributed
to the more consistent illumination provided by the models
enhanced with our framework, while the degraded results
from other methods hinder classifier performance.

Low-Light Face Detection. We evaluate the perfor-
mance of two detectors, S3FD [32] and DSFD [14], trained
on the WiderFace [28] dataset, and on the DarkFace [30]
dataset to assess the performance of various enhancement
methods for low-light face detection. It is noteworthy that
face detection is more granular and sensitive to seman-
tic information compared to classification tasks; thus, lo-
cal blurriness can significantly impair performance. Con-

sequently, the methods like EnGAN [11] and Retinex-
former [25] demonstrate a marked decline relative to other
tasks, whereas our proposed method consistently achieves
excellent results across both detectors. This further under-
scores the advanced nature of our proposed framework.

Low-Light Instance Segmentation. We evaluated vari-
ous low-light enhancement methods for their adaptability to
low-light instance segmentation using the LIS [3] dataset.
As one of the most fine-grained high-level tasks, instance
segmentation imposes significant demands on enhancement
techniques. We conducted experiments using Mask R-
CNN [10] as provided by the official LIS framework, which
was initially trained on the COCO dataset and subsequently
tested on low-light images from the LIS dataset. Our re-
sults demonstrate that the proposed methods achieve supe-
rior performance, further confirming that the framework ef-
fectively preserves semantic information and enhances the
quality of the results.

The above three tasks encompass three datasets, five de-
tectors, and six evaluation metrics, providing a comprehen-
sive assessment of the proposed method’s robustness across
different low-light scenarios and its applicability to high-
level tasks.

4.5. Ablation Studies

We conduct extensive ablation studies to validate
the efficacy of our proposed perspective and evaluate
the contribution of each model component. All eval-
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Figure 7. Visual Comparisons of ablation studies.

uations are carried out on FiveK for the enhancement
task and on three high-level task datasets for other tasks.
We select ResNet18/Top-1 Acc, S3FD/AP, and MaskR-
CNN/mAP segm as the high-level metrics.

Ablation Studies on FoFA. We employed a combination
of different models to examine the supervisory capabilities
of various foundation models at the feature level in the en-
hancement process. As shown in Table 3, removing any
single foundation model from the FOFA negatively impacts
the performance of the enhancement model across various
tasks, and removing all of them results in even poorer out-
comes. Overall, excluding CLIP and SAM reduces the
model’s adaptability for high-level tasks, while the absence
of ResNet leads to accuracy losses in image enhancement
tasks. This is likely because, during FoFA training, CLIP
and SAM primarily contribute robust semantic learning,
which is critical for high-level tasks; in contrast, ResNet is
more responsive to specific degradations and lighting varia-
tions, which helps the discriminator perceive visual quality
in images. Our observations further validate this theory:
as shown in Figure 7, removing ResNet results in signifi-
cant lighting changes in the enhanced images, while omit-
ting CLIP or SAM introduces blurred and distorted areas.
If all foundation models are excluded, FoFA degrades to a
conventional adversarial training process, where semantic
losses in the enhancement results become more severe. In
summary, each foundation model in FoFA contributes pos-
itively to the training of the enhancement model, and their
integration yields the best enhancement outcomes.

Table 3. Quantitative analysis from ablation studies demonstrating
the impact of foundation feature space alignment. The best results
are marked in bold.

PSNR SSIM  LPIPS ‘ AP mAP segm  Top-1 Acc
w FoFA 19.58 0.83 0.13 | 0.68 0.28 0.59
w/o FoFA 18.07 0.81 0.20 0.64 0.24 0.54
-CLIP 18.67 0.81 0.15 0.65 0.23 0.53
-SAM 18.95 0.82 0.17 0.64 0.26 0.54
-ResNet 18.24 0.81 0.19 0.67 0.27 0.57

Ablation Studies on GaTA. To assess the role of GaTA
in training the enhancement model, we first examined the
impact of removing GaTA, as shown in Table 4. Remov-
ing GaTA negatively affected model performance in both
the enhancement and high-level tasks. This is because
GaTA primarily functions to detect incomplete degradation

elimination in the enhanced results, thereby improving the
model’s performance across various tasks. As illustrated in
Figure 7, removing GaTA significantly increased the sever-
ity of degradation in the enhanced results, which not only
impaired visual quality but also compromised the original
semantic information.

Table 4. Quantitative analysis from ablation studies demonstrating

the Gap-driven Task-based Alignment. The best results are marked
in bold.

PSNR SSIM  LPIPS ‘ AP mAP segm  Top-1 Acc
w GaTA 19.58 0.83 0.13 ‘ 0.68 0.28 0.59
w/o GaTA 18.01 0.81 0.16 0.67 0.25 0.52
+GaTA Seg 18.50 0.79 0.19 0.67 0.30 0.49
+GaTA Det 18.75 0.82 0.19 0.70 0.27 0.54

Additionally, in Section 3.3, we implement GaTA us-
ing a classification task, with CLIP and ResNet employed
to achieve F! and FS, respectively. Since GaTA leverages
robustness differences between models to perceive degra-
dation, various tasks—such as object detection or semantic
segmentation—could potentially be used for GaTA as well.
To test this, we trained F! on a dataset with gamma trans-
formations and noise augmentations, and F*S on the high-
quality subset of the dataset, filtered using advanced im-
age quality assessment metric Q-Instruct [26]. In practice,
we used YOLOX [5], trained on COCO, and PSPNet [35],
trained on ADE20k [38], to represent models for object
detection and semantic segmentation, denote as Det and
Seg respectively. Detailed experimental settings are pro-
vided in the supplementary materials. As shown in Table
4, both object detection and semantic segmentation tasks
effectively implement GaTA, achieving performance com-
parable to ResNet and CLIP, further demonstrating the gen-
eralizability of the proposed method.

5. Conclusion

We propose a framework named FoCo designed to en-
hance the visual and applicational performance of low-light
image enhancers by leveraging the collaborative potential
of diverse foundation models. At the feature level, our ap-
proach uses Feature Semantic Alignment (FoFA) to inte-
grate semantically relevant features into adversarial train-
ing, aligning the discriminator and the foundation model’s
output features within a unified feature space. This align-
ment promotes feature-level consistency between enhanced
and high-quality images. At the task level, we introduce
Gap-driven task-based Alignment (GaTA), which utilizes
the robustness disparities across models by using the less
robust model as a degradation detector, thereby further im-
proving enhancement quality. The proposed framework ex-
hibits outstanding performance, providing a novel training
paradigm that integrates self-supervised low-light enhance-
ment methods with high-level applications.
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