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Abstract

Diffusion-based models have recently revolutionized im-
age generation, achieving unprecedented levels of fidelity.
However, consistent generation of high-quality images re-
mains challenging partly due to the lack of conditioning
mechanisms for perceptual quality. In this work, we pro-
pose methods to integrate image quality assessment (IQA)
models into diffusion-based generators, enabling quality-
aware image generation. We show that diffusion models
can learn complex qualitative relationships from both IQA
models’ outputs and internal activations. First, we experi-
ment with gradient-based guidance to optimize image qual-
ity directly and show this method has limited generalizabil-
ity. To address this, we introduce IQA-Adapter, a novel
framework that conditions generation on target quality lev-
els by learning the implicit relationship between images
and quality scores. When conditioned on high target qual-
ity, IQA-Adapter can shift the distribution of generated im-
ages towards a higher-quality subdomain, and, inversely, it
can be used as a degradation model, generating progres-
sively more distorted images when provided with a lower-
quality signal. Under high-quality condition, IQA-Adapter
achieves up to a 10% improvement across multiple objec-
tive metrics, as confirmed by a user preference study, while
preserving generative diversity and content. Furthermore,
we extend IQA-Adapter to a reference-based conditioning
scenario, utilizing the rich activation space of IQA models
to transfer highly specific, content-agnostic qualitative fea-
tures between images.

1. Introduction

Recent advances in diffusion-based models have greatly im-
proved text-to-image generation, producing highly realistic
visuals from textual prompts. Models like DALL-E 3 [3],
FLUX [4], and SDXL [5] exemplify this progress. More-

over, recent extensions leverage diverse guidance sources
such as depth, pose [6], or reference images [7], enhanc-
ing control and flexibility. Unified frameworks integrating
multiple conditioning types, such as OmniGen [8], have re-
cently emerged to further extend generation capabilities.

Despite these improvements, conditioning generative
models explicitly on image quality or aesthetics from Im-
age Quality and Aesthetic Assessment (IQA/IAA) systems
remains largely unexplored. IQA methods evaluate images
according to human-perceived quality, while IAA focuses
on more subjective, content-dependent aspects. Integration
of IQA/IAA models directly into the generative architec-
tures is a logical next step towards aligning generated im-
ages with human preferences, moving beyond traditional
text-image alignment metrics. Although recent works [9–
11] began exploring aesthetic alignment, explicit incorpo-
ration of IQA/IAA knowledge into generative models has
not yet been systematically addressed.

Motivated by recent successful transfers of generative
priors to IQA [12–15], we propose the opposite direc-
tion: incorporating IQA expertise into generative diffusion
models via conditioning. Specifically, we present IQA-
Adapter, a novel conditioning architecture leveraging IQA
scores, enabling generation of images with controlled levels
of image quality and aesthetics.

We summarize our contributions as follows:
• Qualitative adaptation method. We introduce IQA-

Adapter, a novel conditioning tool for diffusion mod-
els that enables quality-aware generation guided by
IQA/IAA scores. To our knowledge, this work is the first
systematic attempt to directly introduce IQA knowledge
in a generative setting via conditioning: we show that dif-
fusion models can implicitly learn complex relationships
from both IQA models’ outputs and internal activations.

• Diverse IQA/IAA model integration. We experiment
with a range of IQA and IAA models with diverse archi-
tectures and training datasets, demonstrating the adapt-
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Figure 1. Quality-aware image generation with IQA-Adapter. All images are generated with the SDXL base model, the same prompt, and
the seed. The IQA-Adapter is trained with TOPIQ [1] and LAION-Aesthetics [2] metrics.

ability of our approach to different quality and aesthetic
metrics and the generalization of quality features learned
by IQA-Adapter. Furthermore, we employ a gradient-
based quality optimization method to explore adversarial
patterns that emerge within images generated with a high
IQA-guidance scale.

• Reference-based conditioning. We adopt IQA-Adapter
for qualitative image-prompting scenario, demonstrating
that IQA models can be used to transfer highly specific,
content-agnostic qualitative features from the reference to
a generated image.

2. Related Work

Generative Models. Diffusion models recently set new
standards in image generation. Early diffusion-based meth-
ods [16–18] showed significant gains over previous GAN-
and VAE-based approaches. Later advances [3, 4, 19–24]
further improved visual quality, aesthetics, and relevance
via better data, larger models, architectural refinements, and
alternative diffusion architectures. Our work continues this
line of research by bridging the gap between image genera-
tion and quality assessment tasks.

Adapters and Customization. Recent works intro-
duced diverse adapters for finer control and personalization.
LoRA [25] offered efficient fine-tuning via low-rank de-
composition. Dreambooth [26], Textual Inversion [27], and
IP-Adapter [7] enabled user-specific generation. Control-
Net [6], T2IAdapter [28], ConceptSliders [29] added spatial
or attribute-specific guidance, while StyleCrafter [30] fo-

cused on style-transfer task. Unlike existing methods con-
ditioned on text, images, or masks, our adapters uniquely
condition generation on numerical values encoding contin-
uous semantic attributes (e.g., aesthetics or quality).

Some studies [5, 31, 32] condition generation on tech-
nical attributes (e.g., resolution, crops [5]). Differently,
our approach conditions on high-level semantic features ob-
tained automatically from pretrained IQA models.

IQA and IAA. Image Quality Assessment (IQA) meth-
ods quantify technical degradations (e.g., artifacts) using
full- or no-reference techniques, while Image Aesthetic As-
sessment (IAA) evaluates subjective visual aspects (compo-
sition, color harmony, aesthetics). Earlier IQA/IAA meth-
ods utilized handcrafted features modeling human percep-
tion explicitly [33–39]. Modern approaches rely on deep
neural networks trained on annotated datasets [1, 40–57].
Recent works integrated generative priors and diffusion
models to improve IQA/IAA metrics further [12–15]. Un-
like prior studies transferring generative knowledge into
IQA tasks, we uniquely integrate IQA knowledge into dif-
fusion architectures for quality-aware image generation.

Generation Quality Improvement. Several recent
works [58–62] have introduced various approaches for im-
proving generation quality. Some focus on automatic [61]
or manual [62] prompt enhancement, while others rely on
handcrafted high-quality datasets [60]. DiffusionDPO [58]
employs an aesthetic critic model to fine-tune the genera-
tor using reinforcement learning approaches to maximize
quality. Q-Refine [59] utilizes an IQA model to detect low-
quality regions in the image and inpaints them using off-
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Figure 2. Architecture of the proposed IQA-Adapter. Yellow arrows depict IQA/IAA knowledge flow into the diffusion-based generator.

the-shelf image enhancement models without any qualita-
tive knowledge transfer to the generator. In contrast to prior
work, we do not focus solely on maximizing the target qual-
ity score, but empower the generative model with the ability
to modulate its output across a wide qualitative spectrum.
To this end, we employ rich qualitative priors of pretrained
IQA and IAA models and transfer their knowledge directly
to the generator.

3. Learning the relationship between images
and visual quality from IQA models

3.1. Baseline
To establish a baseline for integration of IQA model knowl-
edge into the generation process, we introduce a technique
inspired by classifier guidance [63]. In our adaptation, we
leverage NR-IQA models rather than a classifier, interpret-
ing IQA scores as soft probabilities that reflect the likeli-
hood of an image achieving high perceptual quality. This
approach uses feedback from the IQA model to iteratively
optimize image quality during the generation process:

ϵ̂θ(zt−1|ct, fϕ) = ϵθ(zt|ct) + α · ω(t)∇zt log fϕ(D(zt)),

where ϵθ is a latent diffusion model, ct is a textual condition,
fϕ is a NR metric, zt represents the latent image at the t-th
diffusion step, and D(·) is the VAE’s decoder that maps the
latent representation back to image space. The parameter α
allows adjustment of the IQA guidance weight, balancing
the impact of quality conditioning, while the scaling coef-
ficient ω(t) modulates the gradient’s influence over time,
linearly increasing from 0 to 1.

Although this method optimizes the target IQA score, its
reliance on gradient-based adjustments introduces the risk
of exploiting vulnerabilities within the IQA model. This
can result in images that receive high ratings from the IQA

model yet exhibit noticeable visual distortions — a phe-
nomenon similar to adversarial attacks, which we further
discuss in Section 8.2.

3.2. IQA-Adapter
To address limitations of inference-time gradient optimiza-
tion, we propose a method that implicitly learns a rela-
tionship between images and their corresponding quality
assessments. By learning this connection, the generative
model can internalize features associated with target-quality
images and avoid characteristics linked to opposite quality.
For instance, when conditioned on high-quality parameters,
the model should generate images with fine-grained details
and vibrant colors. Conversely, when conditioned on low
quality, it should reproduce artifacts such as JPEG compres-
sion distortions or blurring.

3.2.1. Architecture
To condition the generative model on image quality, we
leverage an adapter-based approach. It is a common con-
cept for diffusion model customization and is widely used
in various tasks [7, 30, 64]. The core idea of the approach
is to project new data into additional tokens, which are
then integrated into the model via cross-attention mecha-
nisms, enabling the base model to receive detailed condi-
tioning information from the new sources without altering
its core weights. We selected adapter-based architecture
for its lightweight design, ability to preserve core model’s
weights, and relatively small overhead during training and
inference (Section 18.1).

Figure 2 demonstrates the overall structure of our
quality-conditioning framework, which we name IQA-
Adapter. In this setup, quality scores (i.e., IQA models’
outputs) are projected into tokens matching the dimension-
ality of textual tokens through a small projection module,
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consisting of a linear layer and LayerNorm [65]. These to-
kens then enter the main generative model (U-Net in the
case of SDXL [5]) via cross-attention layers. This design
allows the diffusion model to modulate image quality based
on target IQA scores. We further report our architectural ex-
periments in the Ablation Study (Supplementary Sec. 12).

IQA-Adapter can accept multiple IQA scores as input,
integrating various IQA/IAA models that capture different
aspects of image fidelity, e.g., quality in terms of distortions
and image aesthetics. In this case, adapter inputs a vector of
corresponding length instead of a single IQA value. To en-
sure consistency, all metric values are standardized to have
zero mean and unit variance based on the training dataset.

Separate Qualitative Attention. Disentanglement of
the qualitative information from the contextual condition
provided by the textual prompt is an important feature of
IQA-Adapter. It is done with a Separate Qualitative Atten-
tion mechanism, which processes adapter tokens indepen-
dently from the textual ones. Specifically, the adapter adds
an additional cross-attention layer for each existing cross-
attention operation in the base model. Without an IQA-
Adapter, the base model processes the textual conditioning
ct as follows:

CrossAttn(Z, ct) = Softmax

(
QKT

√
d

)
V

where Q = ZWq , K = ctWk, V = ctWv; Z are image
features, d is the projection space dimension. With the IQA-
Adapter, the attention mechanism is modified as follows:

CrossAttn(Z, ct, cq) =

Softmax

(
QKT

√
d

)
V + λ× Softmax

(
QK ′T
√
d

)
V ′

where K ′ = cqW
′
k, V ′ = cqW

′
v , and cq are the quality con-

ditioning features. Notably, the query matrix Wq that pro-
cesses the generated image features Z is shared across both
attention operations. This setup allows the IQA-Adapter
to learn and apply quality-specific attributes in a content-
agnostic way and generalize them across various textual
contexts. To control the strength of the IQA-Adapter dur-
ing inference, we introduce a scaling parameter λ, which
adjusts the impact of quality conditioning by modifying the
cross-attention term for quality features.

Qualitative Negative Guidance. Since the concept of
visual quality has clearly defined notions of ”good” and
”bad,” it becomes feasible to adopt negative guidance, akin
to its application in text-based generation. For textual con-
ditioning, it involves using an additional prompt that is se-
mantically opposite to the main one in the unconditional
part of the classifier-free guidance. It pushes the latent rep-
resentation of the image away from producing undesired
features. To enable qualitative negative guidance, we mod-

ify the classifier-free guidance mechanism as follows:

ϵ̂θ(zt|ct, q) = ϵθ(zt|cneg
t , qneg)+

+ g ·
(
ϵθ(zt|ct, q)− ϵθ(zt|cneg

t , qneg)
)

where ϵθ is a latent diffusion model, g is guidance scale,
ct and cneg

t are positive and negative textual prompts, q is a
desired qualitative condition, and qneg specifies an opposite
quality level. Since the input scores are normalized with
a mean of 0, we can set qneg = −δ · q, where parameter δ
controls the “gap” between the opposite quality levels, mod-
ulating the strength of the negative guidance. This optional
step can be used during inference to boost the adapter’s
effect, even with moderate adapter scales; however, when
used with excessively large scale, it can cause undesired
“over-stylisation” effects (Section 19).

3.3. Reference-based IQA-Adapter

In addition to direct conditioning on the target quality level,
we have also explored the scenario of qualitative transfer
from an existing reference image. For this purpose, we con-
dition a generative model on the activations extracted from
the intermediate layers of an IQA model. More specifi-
cally, we apply a pretrained IQA model to the reference
image to extract a qualitative embedding, which we then
pass through the projection module to obtain qualitative to-
kens for the subsequent attention operation. We name this
variation of the method Reference-based IQA-Adapter.

In the conditioning process, we exploit a useful prop-
erty of activations of some IQA models (especially those
from the farthest layers): they contain almost no informa-
tion about the semantics of the image, but accumulate in-
formation necessary for quality assessment (e.g., type and
strength of distortions). This allows us to extract mostly
qualitative, content-agnostic knowledge from the reference
image, preventing “leakage” of unwanted information (e.g.
objects, faces, colors). We used the ARNIQA [43] IQA
model to obtain qualitative embeddings, whose authors pur-
posefully achieve this property of the activation space using
a special training procedure. Our experiments (Sec. 4.5)
also confirm that it is well-suited for quality-conditioning.

3.4. IQA-Adapter Training

We train IQA-Adapter on triplets (image, text,
input quality scores) where the image-text pairs are
drawn from a text-to-image dataset, and the quality scores
are estimated by passing each image through a target
IQA/IAA model. The training follows the standard denois-
ing diffusion probabilistic model (DDPM) procedure [66].
In this process, a random timestep t ∼ U [0, 1] is sampled,
and noise is incrementally applied to the image x at the
corresponding noise scale. The model then learns to predict
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Figure 3. (a) Quality improvement relative to the base model (in %) for the IQA-Adapters trained on different IQA/IAA models. All IQA-
Adapters are conditioned with high target quality (99th percentile of the training dataset) and use the same prompts and seeds. ”+Neg. G.”
denotes qualitative negative guidance. Prompts are taken from Lexica.art user-generated prompts dataset. (b,c) Results of the side-by-side
subjective study of the IQA-Adapter conditioned on different quality levels. (b) Overall results of all comparisons. (c) Pair-wise win rates.

the added noise with the following objective:

L = Ex,t,ϵ

[
∥ϵ− ϵθ(xt|ct, cq)∥2

]
where xt is a noised representation of the input image, ct is
the textual condition, cq is the qualitative condition, ϵ is the
added noise, and ϵθ(xt|ct, cq) is the predicted noise.

During this process, only the adapter weights are ad-
justed to allow the generative model for incorporating qual-
ity score information and steer the output generation ac-
cordingly. To maintain flexibility for classifier-free guid-
ance during inference, we randomly drop the textual and
quality conditions with a small probability, which encour-
ages the model to generate images unconditionally.

A key advantage of IQA-Adapter is that it does not re-
quire backpropagation through the IQA models (as it only
uses quality scores of training images), enabling the use of
non-differentiable metrics or even ground-truth subjective
scores from sufficiently large subjective studies. As demon-
strated in Section 4.2, bypassing gradient-based optimiza-
tion significantly improves the robustness of the method
and its transferability across metrics beyond those used for
training, enhancing the generality of the learned quality fea-
tures across various evaluation models.

The training of the Reference-based IQA-Adapter is
fairly similar: a qualitative embedding is obtained from the
image being reconstructed, which is further used as an ad-
ditional condition for image denoising. Notably, in order
to expand the coverage of the IQA model’s activation space
during adapter training, we also employed an image degra-

dation model introduced in [43] as an additional augmenta-
tion with a small probability (p = 0.1).

4. Experiments and Evaluation

4.1. Experimental Setup

Models. For all experiments involving both gradient-based
guidance and IQA-Adapter, we used SDXL as the base
model. The IQA-Adapters were trained on the CC3M [67]
dataset (∼3 million images) for 24,000 steps, followed by
fine-tuning on a subset [68] of the LAION-5B [69] dataset
(∼170k images with an aesthetics score > 6.5) for an ad-
ditional 3,000 steps. We employed two tokens for qualita-
tive features. For more details on the IQA-Adapter train-
ing, refer to the Supplementary Section 10. Code and
pre-trained weights for IQA-Adapters are available in our
GitHub repository: https://github.com/X1716/
IQA-Adapter.

During inference, we used a guidance scale of 7.5 and 35
sampling steps. For the IQA-Adapters, we set the adapter
scale to λ = 0.5, while for the gradient-based method, we
applied a quality-guidance scale of α = 30.

IQA/IAA Models. We experimented with a diverse
set of 21 state-of-the-art quality assessment models, vary-
ing in architecture and training dataset. The models in-
clude CNN-based approaches like ARNIQA [43], DBCNN
[70], and CNNIQA [71]; TOPIQ [1], which combines a
CNN backbone with an attention mechanism; HYPER-IQA
[72], which leverages a hyper-network with a CNN. Ad-
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Figure 4. (a) Quality scores of the images generated with IQA-Adapter conditioned on different target quality levels (1-99 percentiles of
the training dataset). The adapter is trained with the HYPER-IQA metric. (b) Examples of images generated with different target quality.

ditionally, we tested transformer-based models, including
MUSIQ [73], TRES [74], and MANIQA [46] and met-
rics integrating vision-language capabilities like LIQE[75]
and CLIP-IQA+[48]. Where available, multiple versions of
some models were tested, each trained on different datasets.
Table 3 in the Supplementary lists all used metrics with their
corresponding training datasets.

Evaluation Datasets. We use several diverse prompt
and image datasets for model evaluation:
• Qualitative evaluation: A filtered subset of 8,200 user-

generated prompts from Lexica.art [76] and PartiPrompts
[77] (1,600 prompts of different aspects and challenges).

• Generative and compositional capabilities evaluation:
GenEval benchmark [78] and corresponding prompts.

• Additional fidelity measures: A subset of 10,000 captions
from MS COCO [79] for FID [80] and related scores.

• Reference-based conditioning: KADID-10k IQA dataset
of 81 non-distorted images and 125 distorted variations
for each source image (25 distortion types × 5 scales).

4.2. High-quality conditioning
To evaluate the effectiveness of knowledge transfer from
IQA models to diffusion-based generative models, we first
explore the high-quality conditioning scenario, as this is the
most intuitive application for quality-aware generation. To
assess improvements objectively, we calculate the relative
gain in quality scores compared to the base model:

RelGain =
1

N

N∑
i=0

f(x′
i)− f(xi)

f(xi)
· 100%

where f(x) denotes the quality assessment model, xi and
x′
i are images generated under the same prompt and seed

for the base and quality-conditioned models, respectively.
For IQA-Adapter, high-quality conditioning is achieved

by setting the input to the 99-th percentile of the target
metric’s values from the training dataset. Separate IQA-
Adapters were trained for each IQA/IAA metric, and a

multi-metric approach was tested by conditioning on com-
binations of different IQA/IAA models.

Aside from the Gradient-based baseline method of qual-
itative knowledge transfer, we compare IQA-Adapter with
multiple existing methods of generation quality improve-
ment of different nature: DiffusionDPO [58] (fine-tuning),
Q-Refine [59] (Image Enhancement), BeautifulPrompt [61]
(prompt refactoring with LM) and simple textual tags
emphasized with Prompt Weighting [62]. Figure 3(a)
shows the relative gains for all evaluated methods on user-
generated prompts from Lexica.art dataset (see Figure 11
in Supplementary for all tested IQA-Adapters). Detailed
results for PartiPrompts dataset and the Gradient-based
method are provided in the Supplementary Section 13. Vi-
sual comparison of the methods can be found in Figure 8.

The gradient-based method, which directly optimizes
IQA scores, increases target scores but generally fails to im-
prove other IQA/IAA metrics, likely due to adversarial ex-
ploitation of model-specific vulnerabilities. Given its limi-
tations, we focus on IQA-Adapter in the remaining exper-
iments, discussing the use of the gradient-based method in
adversarial scenarios in Section 8.2.

Unlike the gradient-based approach, the IQA-Adapters
trained even on single IQA models show consistent quality
gains across multiple metrics, with an average improvement
of 7-9% over the base model. Notably, gains for the target
metric do not significantly exceed those for other metrics,
demonstrating strong cross-metric transferability.

Most IQA-Adapters demonstrate higher average qual-
ity gain compared to other existing methods, as well as
the gradient-based approach. However, the best result is
achieved by the combination of IQA-Adapter with Dif-
fusionDPO and BeautifulPrompt, which signifies the mu-
tual compatibility of the adapter with other approaches.
IQA-Adapter trained with TOPIQ and LAION-AES metrics
shows the most balanced results between technical quality
and aesthetic scores, and qualitative negative guidance fur-
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Models
in IQA-Adapter

Two
Object↑

Attribute
Binding ↑ Colors↑ Counting↑ Single

Object↑ Position↑ Overall↑

MANIQA (PIPAL) 73.23% 20.25% 86.17% 36.56% 96.56% 10.50% 53.88%
TOPIQ (KONIQ) 71.97% 18.75% 85.11% 38.75% 98.12% 13.75% 54.41%

CLIPIQA+, LIQE-MIX 71.72% 20.25% 85.64% 41.25% 97.81% 11.75% 54.74%
TOPIQ, LAION-AES 69.70% 18.75% 85.90% 45.31% 99.38% 13.00% 55.34%

3xARNIQA,LIQE-MIX
(different datasets) 73.99% 19.25% 89.36% 39.69% 99.69% 13.75% 55.95%

CLIP-IQA+ 72.73% 22.75% 88.03% 43.44% 98.44% 12.25% 56.27%
HYPER-IQA 73.99% 25.25% 85.90% 39.69% 98.75% 14.75% 56.39%

TOPIQ (FLIVE) 72.73% 21.75% 87.77% 45.94% 99.38% 13.00% 56.76%

Base Model 73.74% 21.75% 88.30% 43.75% 99.69% 10.50% 56.29%

Table 1. Results of the IQA-Adapters trained with different
IQA/IAA models on GenEval benchmark. Percents represent the
accuracy of object-detection model on generated images. Results
for all evaluated adapters are available in supplementary Table 6.

ther improves average quality gain.
Notably, IQA scores tend to improve more easily than

IAA scores, likely because IQA focuses on perceptual
quality attributes that are less dependent on composition,
whereas IAA is more content-sensitive and requires adjust-
ments in both text and quality conditions.

Using multiple IQA/IAA metrics enhances the IQA-
Adapter’s performance across evaluation metrics. For ex-
ample, combinations like TOPIQ and LAION-AES mod-
els, and multiple versions of TOPIQ (”TOPIQ (4 versions)”
row on Figure 3(a)), exhibit the best transferability, suggest-
ing that diverse metrics provide richer quality information,
broadening the IQA-Adapter’s capacity to capture complex
qualitative attributes. We further validate the performance
of IQA-Adapter with subjective studies: Sec. 4.3 evaluates
the alignment between qualitative conditions and resulting
generation quality, and Sec. 17.2 compares IQA-Adapter
with other generation quality improvement methods.

4.3. Alignment with qualitative condition
To assess the alignment between input quality conditions
provided to the IQA-Adapter during generation and the
quality of generated images, we attempt to condition it on
different percentiles of the target IQA model’s values on
the training dataset. Figure 4 demonstrates the impact of
quality-condition on IQA scores and examples of images
generated for corresponding quality levels. The results in-
dicate a gradual increase in quality scores from the IQA
model as the input condition rises, with generated images
appearing progressively sharper and more detailed. We
exemplify more quality conditions for the IQA-Adapters
trained with different IQA/IAA models in supplementary
Section 18.3.

Subjective Study. To confirm that image quality im-
proves with input quality conditions, we conducted a sub-
jective study with the IQA-Adapter conditioned on three
quality levels: low (1st percentile), medium (50th per-
centile), and high (99th percentile), as well as the base
model (SDXL-Base). We utilized IQA-Adapter condi-
tioned on TOPIQ and LAION-AES models, which showed
the highest average IQA/IAA metric increases (Figure 3(a)).

Participants evaluated the visual quality of images gener-
ated from 300 prompts, contributing over 22,300 responses
from 1,017 users, with each image pair evaluated by at least
10 unique users (12.1 on average). For each model, we cal-
culated the overall win rate defined as a share of image pairs
on which it achieved the majority of votes. Additionally, we
report the average percent of votes for the model across all
image-pairs. Results are shown in Figure 3(b), and pairwise
win rates in Figure 3(c). For more details on the subjective
study, refer to Supplementary Section 17.

Win rates align well with input quality conditions: high-
quality conditions achieve the highest win rate, followed by
medium- and low-quality. As shown in Figure 3(c), the
IQA-Adapter conditioned on high quality outperforms the
base model with 60% win rate, compared to 32% for the
base model (∼7% were rated equally). This demonstrates
that IQA-Adapter effectively captures and reproduces qual-
itative concepts aligned with human image quality judg-
ments. Notably, the win rate for the low-quality condi-
tion drops significantly compared to medium quality. Fig-
ure 4(a) further indicates that objective quality decreases
sharply below the 25th percentile.

4.4. Evaluating generative capabilities
To evaluate the generative capabilities of the quality-
conditioned model and ensure that it doesn’t affect the abil-
ity to follow the textual prompt and generate diverse images,
we tested it on the GenEval [78] benchmark. It uses an
object-detection model to evaluate the alignment between
generated images and textual conditions. Table 1 shows the
comparison results. Overall scores for most adapters are
close to those of the base model. For each evaluation crite-
rion, there is an IQA-Adapter that consistently outperforms
the base model. The IQA-Adapter trained with HYPER-
IQA, for example, increases “Attribute binding” (rendering
two objects with two different colors) and “Position” (ren-
dering two objects with specific relative positions) scores,
suggesting better alignment with complex compositional
prompts. The least improvement is in “Counting,” likely
due to some IQA-Adapters’ tendency to add small details
that sometimes increase object counts unnecessarily.

Additionally, we calculated FID, IS [81] and CLIP [82]
scores for all tested adapters on a 10,000 captions subset of
MS COCO. The results can be found in Supplementary Sec-
tion 14. In summary, these findings indicate that the adapter
conditioned on high quality mostly retains the generative
capabilities of the base model, while shifting the generation
towards a higher-quality subdomain.

4.5. Reference-based qualitative conditioning
To test the ability of the Reference-based IQA-Adapter to
transfer qualitative knowledge via IQA embeddings, we
evaluate its ability to reproduce various image distortions
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Figure 5. Examples of Reference-based IQA-Adapter conditioning.

present in the KADID-10k [56] dataset, which is often used
to evaluate the performance of IQA metrics. The main goal
of this experiment is to test if the adapter can distinguish
the distortion on the reference image and transfer it to the
generated one without capturing any additional semantic in-
formation unrelated to image quality. Figure 5 demonstrates
Reference-based image editing using IQA-Adapter.

We select one of the 81 source images from KADID-
10k and use all its distorted variations as references. These
references guide the generation of images with correspond-
ing distortion types and scales in two settings: Image-to-
Image (I2I) editing using SDEdit [83] and Text-to-Image
(T2I) generation using synthetic captions from the BLIP-
2 [84] model. For I2I setting, the remaining 80 images serve
as initializations for SDEdit, yielding 125 variations with
different distortions per source image; and for T2I, BLIP-2
provides captions for the same 80 undistorted images, from
which 125 variations per prompt are generated.

We compare Reference-based IQA-Adapter with IP-
Adapter [7], a common image-prompting technique, and
StyleCrafter [30], an adapter for artistic style transfer. Ad-
ditionally, we evaluate IQA-Adapter that only accepts IQA
scores of the reference image as a qualitative condition. To
quantitatively evaluate the distortion transfer, we calculate
multiple statistics: First, we measure CLIP-T and CLIP-I
scores. CLIP-I scores are calculated both with a real image
corresponding to the prompt and distortion (higher score
indicates better alignment with a source image we attempt
to distort), and with the distortion reference (lower score
indicates less semantic information “leakage” from the ref-
erence). To evaluate the qualitative alignment between gen-
erated and reference images, we measure Spearman’s cor-
relation coefficient between target IQA metric1 values on
generated images and distortion references. Additionally,
we calculate cosine similarities between IQA model’s acti-
vations on these images. We use ARNIQA IQA model for
embedding similarity in this experiment, as it shows good
performance on KADID dataset and its activation space is

1For IP-Adapter and StyleCrafter, we use ARNIQA for SROCC calcu-
lation

Gen.
method

Distortion
transfer method

SROCC
w/ dist. ref. ↑

CLIP-T ↑
w/ caption

CLIP-I
w/ real↑

CLIP-I ↓
w/ dist. ref.

IQA Embed.
Similarity ↑

T2I

IP-Adapter 0.41 29.42 78.78 68.40 0.79
StyleCrafter 0.53 31.81 83.74 60.51 0.86

Ref.-based IQA-Adapter 0.80 32.21 85.75 58.62 0.91
IQA-Adapter
(ARNIQA) 0.53 32.35 84.12 56.92 0.70

IQA-Adapter
(TOPIQ + LAION-AES) 0.76 32.29 84.30 57.27 0.72

SDEdit I2I

IP-Adapter 0.24 31.66 90.17 60.20 0.73
Ref.-based IQA-Adapter 0.69 31.91 91.26 58.87 0.86

IQA-Adapter
(ARNIQA) 0.17 31.84 90.58 57.88 0.69

IQA-Adapter
(TOPIQ + LAION-AES) 0.79 31.84 90.57 57.95 0.73

Table 2. Quantitative results of distortion transfer experiment on
KADID-10k dataset. The best results are highlighted in bold, and
second-best are underlined.

optimized to differentiate different types of distortions [43].

While IP-Adapter and StyleCrafter excel in their cor-
responding domains (general image prompting and style
transfer accordingly), they are suboptimal for qualitative
conditioning. They often fail to distinguish different distor-
tions (e.g. blur and compression) and tend to copy objects
and colors present on the distortion reference. Figures 25
and 26 in Supplementary compare the results of image edit-
ing and T2I generation with IQA-Adapter, IP-Adapter and
StyleCrafter. Evaluation confirms this effect: IP-Adapter
shows consistently higher CLIP similarity with a distortion
reference image, indicating the replication of semantic in-
formation from the reference, and lower IQA embedding
similarity and correlation, followed by StyleCrafter. Con-
versely, Reference-based IQA-Adapter utilizes useful prop-
erties of the IQA embeddings and only transfers content-
agnostic information. This ability to efficiently capture and
simulate highly specific qualitative features can potentially
be used as a data augmentation step for other I2I tasks.

5. Conclusion
In this work, we explored different techniques to trans-
fer knowledge from image quality assessment models to
diffusion-based image generators. We proposed a novel
IQA-Adapter approach that allows the generator model to
learn implicit connections between images and correspond-
ing quality levels and enables quality-aware generation.
Experiments and subjective evaluation showed that IQA-
Adapter efficiently conditions the generation process in a
way that aligns with human judgment, all while retaining
the generative capabilities of the base model. Additionally,
we demonstrate various applications of IQA-conditioned
generation, including the improvement of quality of gen-
erated images and reference-based image degradation mod-
eling. We further discuss the Future Work and use cases
of IQA-conditioned generation in Supplementary Section 8
and Limitations of the method in Section 11. Additionally,
in Section 19 we investigate connections between quality-
conditioning and adversarial robustness of IQA models.
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