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Abstract

Text-based face manipulation is a powerful tool for gen-
erating and editing facial attributes in synthetic data, par-
ticularly for addressing imbalances in biometric datasets
and helping to build fair and privacy-aware systems. How-
ever, controlling specific attributes remains challenging, as
modifying one attribute often leads to unintended changes
in others, potentially introducing new biases. In this paper,
we investigate the cause of these unintended changes, hy-
pothesizing that they stem from attribute correlations in the
training data. By analyzing three face attribute datasets
(CelebA, MAAD-Face, FFText-HQ), we identify common
patterns of attribute co-occurrence and assess the behavior
of three state-of-the-art manipulation models (ManiCLIP,
FFCLIP, and DeltaEdit) using attribute classifiers to detect
unwanted modifications. We found two types of errors: one
where more attributes were altered than intended, and an-
other where changes failed to occur due to dependencies on
the original attributes of the face. While we hypothesized
that these manipulation issues might correlate with dataset
attribute correlations, our analysis using the Matthews Cor-
relation Coefficient found no statistically significant rela-
tionships, suggesting that other factors may contribute to
these unintended changes. This work can serve as a starting
point for further research into the underlying causes of at-
tribute entanglement in face manipulation models, helping
to improve understanding and address related challenges.

1. Introduction

Text-based face generation has garnered increasing at-
tention in recent years [18], as it enables the manipulation
of biometric, demographic, and non-permanent facial at-
tributes such as hairstyle, earrings, or lipstick. These mod-
els are now being utilized in the generation of synthetic
data [1], offering an efficient means to create new data
that adheres to a desired distribution. Many face-related

Figure 1. Example of unintended changes when editing face fea-
tures through prompting text-to-image models. If applied for
data augmentation, these effects could introduce new biases into
datasets.

applications suffer from dataset imbalances, with certain
demographic groups being underrepresented or even ab-
sent [32]. Given the high cost and impracticality of manual
data collection, face manipulation models provide a cost-
effective solution for augmenting datasets. This capability
is particularly promising in the development of fair applica-
tions [26, 27, 37], enhancing privacy protection [5, 20, 21],
and supporting data augmentation [6,19,39] within biomet-
ric systems. However, controlling individual attributes in
synthetic data remains a significant challenge, as modify-
ing one attribute often causes unintended changes in oth-
ers [7,25]. For instance, attempting to change a hair-related
property of a synthetic face may unintentionally alter the
perceived gender or age, an example can be seen in Fig-
ure 1. As these models are increasingly used for data aug-
mentation, the potential for them to introduce new biases is
a concerning issue. If left unchecked, this could reinforce or
exacerbate existing imbalances rather than mitigate them.

In this paper, we explore how and why these unintended
attribute changes occur. We hypothesize that these changes
stem from correlations between facial attributes present in
the training data. In real-world face datasets, attributes such
as age, gender, and facial hair are often interrelated, reflect-
ing natural patterns of co-occurrence. Generative models
trained on such data may inadvertently encode these cor-
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Figure 2. Workflow of our main experiment. We identify unin-
tended changes in face manipulation models by applying attribute
classifiers to both the original and edited images and verifying
which attributes have been changed.

relations, leading to entangled attribute representations that
make precise manipulation challenging.

Our investigation focuses on the relationship between
attribute correlations in face datasets and the resulting be-
havior of text-to-image models during attribute manipula-
tion. We begin by conducting a comprehensive analysis of
existing correlations within three prominent face attribute
datasets: CelebA [14], MAAD-Face [31], and FFText-
HQ [30]. This analysis aims to uncover patterns of highly
correlated attributes of faces, as well as any anomalies or
unexpected correlations. Furthermore, we examine whether
these correlations are consistent across the different datasets
or if significant disparities emerge.

In the next step, we conduct a detailed evaluation of
state-of-the-art face manipulation models, focusing on the
occurrence of unintended attribute modifications during the
editing process. To detect these unwanted changes, we em-
ploy attribute classification models, as outlined in Figure 2.
We further investigate whether different models share com-
mon manipulation flaws, providing a comparative analy-
sis of their behaviors. Additionally, we explore how pre-
existing attributes influence the success of a given manipu-
lation. For example, we assess whether adding earrings to a
synthetic face is more effective for female faces compared
to male ones. Lastly, we examine whether these unintended
changes are related to the attribute correlations present in
the training datasets, seeking deeper insights into the pat-
terns that may drive these issues.

The paper is structured as follows: Section 2 covers re-
lated work on face manipulation and correlation studies.
Section 3 details the experiment setup and tools. We present
the main correlation and manipulation results in Section 4
and 5. Finally, we conclude in Section 6 and discuss future
work in Section 7.

2. Related works
2.1. Face Manipulation and Correlations

Correlation is a widely studied problem in the domain
of fair ML research, mainly focusing on spurious correla-
tions in the dataset through societal biases or dataset con-
struction. For example, for the CelebA dataset, it is known
that the Attractive attribute is biased towards women
and that a majority of the women have blonde hair. Rajabi
et al. [25] demonstrate that mitigating bias between gender
and attractiveness for the CelebA dataset influences classi-
fication of several other attributes related to attractiveness
as well. Similarly, Denton et al. [7] found that manipulat-
ing non-hair attributes such as heavy makeup resulted in a
change in hair style and/or color. Zhang et al. [38] studied
attribute correlations and their effect upon adversarial learn-
ing and found them to be highly indicative of the privacy-
utility tradeoff. Few methods have been proposed to com-
bat attribute entanglement [29, 36] but none of these inves-
tigates the underlying causes of entanglement.

2.2. Manipulation of Face Attributes using Text-to-
Image Models

StyleGAN’s [12] editable latent space, when combined
with CLIP [24], enables precise, text-driven control over
image features. Recent advances in GAN-based models
have greatly enhanced facial image manipulation. Man-
iCLIP [35] introduces a method for multi-attribute facial
editing via text prompts, decoupling attribute control to
avoid irrelevant changes and eliminating the need for test-
time optimization. AnyFace++ [30] supports flexible, open-
world text-to-face generation, leveraging CLIP and a mem-
ory module for precise and diverse edits based on com-
plex descriptions. DeltaEdit [15] uses a text-free training
method, aligning CLIP’s visual and textual embedding dif-
ferences to guide facial manipulation. It predicts Style-
GAN’s editing directions from text variations, enabling ef-
ficient zero-shot inference without additional tuning. FF-
CLIP [40] offers a versatile approach for free-form text
prompts by mapping CLIP embeddings to StyleGAN’s la-
tent space, allowing one model to handle multiple seman-
tic meanings in image edits. Finally, StyleEntity [8] uses
named entities during training to allow zero-shot image ma-
nipulation with unseen prompts. Its Prompt Ensemble La-
tent Averaging (PELA) technique averages manipulation di-
rections, reducing noise and ensuring stable edits.

3. Experiment setup
3.1. Data

We conduct our experiments using three publicly avail-
able facial image datasets (see Table 1 for an overview):
CelebA [14], FFText-HQ [30] (a labeled subset of



FFHQ [11]), and MAAD-Face [31]. The CelebA dataset
contains 202k images of 10k celebrities, labeled with
40 binary attributes such as Young, Eyeglasses, and
Smiling. The FFHQ dataset itself does not include at-
tribute labels, but Sun et al. [30] introduced FFText-HQ,
a subset of 20k FFHQ images annotated with binary and
multi-class attributes covering specific facial regions like
Hair, Eyes, and Mouth, as well as broader attributes
such as Age and Gender. Lastly, the MAAD-Face dataset
provides labeled annotations for 47 binary attributes based
on a subset of the VGGFace2 dataset [2], consisting of 3.3M
images of 9k individuals. We excluded the LFW [9] dataset
as its attributes have been proven to have a low correspon-
dence with human annotators [31].

Table 1. Description of used face datasets, the number of at-
tributes, and their types.

Dataset Number of Attributes Attribute Type

CelebA [14] 40 Binary
FFText-HQ [30] 26 Binary & Multiclass
MAAD-Face [31] 47 Binary

3.2. Categorical Correlation Metrics

To assess the correlation between categorical variables,
we use three metrics: the Matthews Correlation Coeffi-
cient (MCC), Cramér’s V, and the Uncertainty Coeffi-
cient (Theil’s U ).

Matthews Correlation Coefficient (MCC) [17] is the
primary metric for binary classification, offering a balanced
measure of association. It is particularly useful for imbal-
anced datasets, where accuracy may be misleading. The
MCC is defined as:

MCC =
TP · TN − FP · FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
(1)

where TP , TN , FP , and FN are true positives, true nega-
tives, false positives, and false negatives, respectively. The
MCC ranges from −1 to 1, with 1 indicating perfect predic-
tion, 0 random prediction, and −1 total disagreement.

For non-binary categorical variables, we use Cramér’s
V [3], a symmetric measure based on Pearson’s chi-squared
statistic. It is calculated as:

V (X,Y ) =

√
χ2

n

min(k − 1, r − 1)
(2)

where χ2 is Pearson’s chi-squared statistic, n is the number
of samples, and k and r are the number of categories of X
and Y . A value of V = 0 indicates no association, and
values close to 1 indicate strong association.

The Uncertainty Coefficient (Theil’s U ) [33] measures
the reduction in uncertainty about one variable given knowl-
edge of another. It is asymmetric and ranges from 0 to 1.
The formula is:

U(X|Y ) =
H(X)−H(X|Y )

H(X)
=

I(X;Y )

H(X)
(3)

where H represents entropy, and I(X;Y ) denotes mutual
information. U(X|Y ) represents the percentage reduction
in uncertainty about X given Y , providing an intuitive mea-
sure of informational dependency between categorical vari-
ables.

3.3. Face Attribute Classification

To evaluate the impact of data manipulation techniques,
we require accurate models for classifying attribute val-
ues. For the CelebA dataset, several pre-trained models
are available, including SwinFace [22], Faceptor [23], and
DMM-CNN [16]. However, no public classifiers exist for
the MAAD-Face and FFText-HQ datasets, so we focus on
CelebA attributes. In this paper, we use the SwinFace model
due to its open-source implementation and available model
weights. Additionally, we employ a standard ResNet50
model, trained as outlined by [11, 13].

To minimize the influence of classifier selection on our
results, we employed both classifiers to measure attribute
changes for each experiment and averaged the outcomes
across both models.

3.4. Face Image Manipulation

We use the following image manipulation models: Man-
iCLIP [35], FFCLIP [40], and DeltaEdit [15]. We chose
these models because they are state-of-the-art models, that
provide both code and trained models. For each model, we
perform text-based manipulations to edit one attribute of the
image and use the attribute classifiers before and after the
changes on the images. To achieve optimal manipulation re-
sults with these models, we use the same text prompts that
were employed during their training for each model. We
apply all edits as defined in the implementations, including
those that don’t directly correspond to CelebA attributes, to
ensure a comprehensive evaluation of the editing results.

ManiCLIP: This method works from self-initialized la-
tents and is thus not compatible with real images. To test
out the changes, we first randomly generate images using
the latent codes provided by the authors and then perform
the manipulation on these images. We try out 22 edits, of
which 17 map directly to CelebA attributes.

FFCLIP: This method is applied to the inverse la-
tents of the FFHQ dataset, which we acquired using en-
coder4editing (e4e) [34]. We try out 38 edits, of which
7 map directly to CelebA attributes.



DeltaEdit: Similar to FFCLIP, this method is applied to
the inverse latents of FFHQ, acquired through e4e. We try
out 16 edits, of which 7 map directly to CelebA attributes.

Both FFCLIP and DeltaEdit were trained using the
FFHQ dataset. In contrast, ManiCLIP was not trained di-
rectly on a dataset; however, it utilized a StyleGAN net-
work pretrained on FFHQ in conjunction with text prompts
similar to the CelebA attributes.

4. Correlation study
In this section, we analyze face attribute datasets, focus-

ing on the relationships between attributes. We first identify
the strongest correlations within each dataset, then compare
these correlations across datasets to determine whether they
are common across datasets or specific to each one.

4.1. Analysis of Strong Correlations in Face At-
tribute Datasets

Figure 3 displays the 20 strongest correlations between
attributes across all datasets and metrics, including a clas-
sification of strength. It is important to note that the
Uncertainty Coefficient is asymmetric, meaning some at-
tribute pairs may appear twice in the list. Many of the
strongest correlations are logical and common across differ-
ent datasets. For example, strong correlations frequently oc-
cur between attributes like Male1 and facial hair attributes
like Goatee, Mustache and No Beard, or strong
correlations between Wearing Lipstick and Heavy
Makeup or wrinkles and age.

Some of the strong correlations we identified could
be problematic if they are carried over into face ma-
nipulation tasks. For instance, attributes such as
Male, Wearing Lipstick, Wearing Earrings,
Hair Length, and Hair Color show correlations
that may reinforce gender stereotypes. When making
a face appear more female, the model might automati-
cally add lipstick, reinforcing biased associations. Sim-
ilarly, the correlations between Wearing Lipstick
and Wearing Earrings, or between Hair Color
and Hair Length, reflect dependencies that, in theory,
should be independent of one another.

While many of these correlations appear consistently in
each dataset, we will verify their similarity in the next sec-
tion.

4.2. Consistency of Correlation Strengths Across
Datasets

To assess whether the correlations observed in individ-
ual datasets are consistent across all datasets, we converted

1In the CelebA and MAAD-Face datasets, perceived gender is repre-
sented by the attribute Male, where a value of 1 indicates individuals cat-
egorized as men, and a value of 0 refers to those who are not, which we
refer to as women for simplicity.

Table 2. This table highlights the most significant variations in
Matthew’s Correlation Coefficient observed between the datasets.

Combination Matthew’s Correlation Coefficient

CelebA MAAD FFText-HQ

5 O’Clock Shadow, No Beard -0.53 -0.05 -0.66
Mustache, No Beard -0.45 0.32 -0.27
Heavy Makeup, Male -0.67 -0.78 -0.21
Heavy Makeup, Wavy Hair 0.32 0.68 0.04
Wavy Hair, Wearing Earrings 0.12 0.62 0.09
Goatee, Sideburns 0.51 0.28 -0.03
Goatee, No Beard -0.57 0.35 -0.23
Smiling, Mouth Slightly Open 0.54 0.19 -0.31
Mustache, Goatee 0.45 0.91 -0.02
Smiling, High Cheekbones 0.68 0.62 -0.04

them into a unified format. We standardized the datasets
to align with the format of CelebA, the most widely used
dataset, and focused on attributes that were present in all
three datasets. In total, 30 attributes (out of CelebA’s origi-
nal 40) were shared across the datasets.

To examine if similar relationships exist, we applied
Pearson and Kendall rank correlations to compare the inter-
attribute correlations in each dataset. The findings, shown
in Figure 4, indicate that the strongest correlations oc-
cur between the CelebA and MAAD-Face datasets, while
the correlations with FFText-HQ, though still significant,
are slightly weaker. One possible explanation for this
difference is the nature of the underlying data: CelebA
and MAAD-Face focus on public figures and celebrities,
whereas FFText-HQ draws from Flickr, potentially offering
a more general population sample.

Some of the largest differences in correlation strengths
are highlighted in Table 2. A significant portion of these
differences relates to facial hair attributes, likely due to
variations in dataset labelling guidelines. In CelebA, mul-
tiple facial hair attributes can co-occur, whereas in the
other datasets, many are mutually exclusive. Other notable
differences include a weaker correlation between Heavy
Makeup and both Male and Wavy Hair. Additionally,
correlations in the FFText-HQ dataset are generally smaller,
which may again be attributed in the domain difference.

5. Analysis of Face Attribute Manipulation and
Its Relationships with Dataset Correlations

Here, we present the results of the face attribute ma-
nipulation experiments. We analyze both the unintended
and intended changes produced by applying face editing
using the three different models. Specifically, we investi-
gate whether any unintended changes are consistent across
the models and whether these changes align with the cor-
relations identified in Section 4. Additionally, we explore
instances where attribute changes are not fully applied, ex-
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Figure 3. Top 20 strongest correlations calculated on CelebA, MAAD-Face and FFText-HQ datasets using the MCC/Cramer’s V and
Uncertainty Coefficient (UC) correlation metrics. Several strong correlations are found across the datasets. Note that UC is an asymmetric
metric, with the correlation for attribute x given y expressed as x|y
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Figure 4. Comparison of Inter-Dataset Correlations. Each
point represents the MCC of an attribute pair across two datasets.
Additionally, we present the Pearson and Kendall rank correla-
tions for all points. All correlations were found to be significant
with p < 0.001. The correlations between datasets are apparent,
though they are notably weaker for the FFText-HQ dataset.

amining whether these outcomes are related to the original
appearance of the faces.

5.1. Unintended Effects of Face Manipulation

The results of our main experiment are presented in Fig-
ure 5 for each manipulation model, with a larger version
available in the supplementary material. Below, we high-
light some key findings for each model.

ManiCLIP: This model shows a significant number of
unintended changes, most notably in the Brown Hair cat-
egory. We observed that many output images displayed
brown hair, even when the manipulation was unrelated to
hair color. Other notable patterns include: applying the

Young transformation frequently resulted in subjects with
blond hair; adding a receding hairline increased masculine
features; and the Big Lipsmanipulation often introduced
lipstick and heavy makeup. Examples of these edits and
their effects can be seen in Figure 6a.

FFCLIP: Despite being the oldest model evaluated, FF-
CLIP supports the widest range of edits, though some ma-
nipulations showed little or no effect. For example, alter-
ing a subject to appear male at age 40 or 80, closing the
eyes, or adding glasses often had minimal impact. Unin-
tended effects were also present, such as the cornrows
hairstyle edit often leading to blond hair, or adding a
beard making the subject look significantly older.

DeltaEdit: DeltaEdit demonstrates the fewest unin-
tended changes overall. However, we also observed that
certain intended modifications had minimal impact on the
desired attributes. For instance, adding a beard resulted in
only slight adjustments to facial hair features, and the same
applied to adding earrings. Our manual review of the edit-
ing outcomes suggests that these manipulations are depen-
dent on the attributes of the original image. For example,
attempts to add a beard were less effective when the subject
appeared female. We will explore this further in the follow-
ing section.
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Figure 5. Attribute Manipulation Results.Each row presents
face edits targeting specific attributes, while the columns reflect
the degree of change in each attribute after manipulation (with a
value of 1 indicating no change). Ideally, only the targeted at-
tribute should exhibit a noticeable change, indicated by a value
significantly lower than 1, while all other attributes should remain
unchanged at 1.

5.2. Influence of Original Attributes on Manipula-
tion Success

In DeltaEdit, we observed that some attribute modifica-
tions were significantly less successful than others, which
we hypothesize is due to characteristics inherent in the orig-
inal image. To investigate this further, we analyzed how
each attribute, referred to as a confounder, affected the fre-
quency and success of the modifications. Some notable
examples of significant discrepancies in effectiveness are
shown in Figure 7a, along with additional examples in Fig-
ure 6b. For instance, it appears more challenging to add
eyeglasses to a young person or earrings to a man. Interest-
ingly, adding earrings is rarely successful, even when ap-
plied to women.

We observed similar trends in ManiCLIP, as illustrated in
Figure 7b. For example, giving a man a larger nose or mak-
ing him bald seems easier compared to performing the same
alterations on a woman. Additionally, individuals already
wearing eyeglasses are more likely to have their hair turned
gray. However, these patterns were less pronounced in FF-
CLIP, likely due to the less direct relationship between the
suggested edits and the classified attributes in this model.

5.3. Exploring the Relationship Between Attribute
Manipulation and Dataset Correlations

Finally, we attempt to relate our manipulation results to
the correlations identified in Section 4. We focus on edits
that can be directly mapped to attributes in the common set
of our datasets. Specifically, we aim to correlate the changes
in attribute Y resulting from the manipulation of attribute
X (as shown in Figure 5) with the correlations between X
and Y found in our datasets. In theory, we would expect a
negative correlation, as higher correlations between X and
Y would suggest greater changes when X is manipulated.

Furthermore, since most models were trained on the
FFHQ dataset, either directly or via a pretrained module,
we anticipated the strongest relationship would be with the
FFText-HQ dataset, as it is a subset of FFHQ. However, no
statistically significant results were observed for the MCC
or UC values across any of the face attribute datasets. Scat-
terplots illustrating the relationship between manipulation
and correlation for the MCC metric are presented in Fig-
ure 8.

A possible explanation for this fact is that looking at at-
tribute correlation at the label level may be overly abstract.
Instead, it might be more meaningful to do the analysis in
latent or pixel space, for example by using interpretability
techniques such as XRAI [10], GradCAM [28] or a region-
based attribution technique [4].
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Figure 6. Examples of two possible issues when using face image manipulation methods

6. Conclusion

In this study, we investigated the relationship between
face attribute correlations across multiple datasets and how
these correlations impact the effectiveness of face ma-
nipulation models. By analyzing the strongest correla-
tions found in the datasets and comparing them across
CelebA, MAAD-Face, and FFText-HQ, we observed that
while many correlations were logical and consistent, others
could propagate biases when embedded in facial manipu-
lation models, such as the correlation between Wearing
Earrings and Male.

In our experiments with three face manipulation mod-
els (ManiCLIP, FFCLIP, and DeltaEdit) we observed that
certain attribute changes often led to unintended modifica-
tions. For instance, editing one feature, like hairstyle or
age, sometimes altered unrelated attributes such as makeup
or hair color. We also found that the effectiveness of ma-
nipulations sometimes depended on the original attributes
of the face. Some edits, like adding eyeglasses or earrings,
were less successful when certain confounding attributes,
like gender or age, were present. These findings suggest
that attribute correlations in the models contribute to these
unintended changes.

However, we found no statistically significant relation-
ships when attempting to correlate the attribute correlations
from the datasets with the manipulation results. Although
we expected higher correlations to lead to more difficulties
in independent manipulation, no clear pattern emerged, sug-
gesting that other factors may play a more significant role
in determining manipulation success.

Overall, our findings highlight the complexity of face at-
tribute manipulation and the need for further research to un-
derstand how correlations in training data might influence
manipulation outcomes. Future work could explore ways
to reduce unintended biases and improve the predictability
and accuracy of face editing models across diverse datasets
and demographic groups.

7. Implications for Further Research & Future
Work

The results of our experiment highlight two key find-
ings: first, we observed cases where face manipulation led
to unintended consequences, and second, we could not re-
late these outcomes to the correlations calculated using the
MCC and Uncertainty coefficient. We hypothesize that
these unintended effects may have broader implications for
future research. Specifically, a “no changes” bias could in-
advertently reveal information about the original subject,
while excessive changes might negatively impact the gener-
alization ability of manipulation models, making them less
robust to less common cases (e.g., men wearing earrings).

Since we could not link the observed effects to the cor-
relations derived from the MCC and Uncertainty coeffi-
cient, we propose an alternative approach: calculating cor-
relations by directly examining the data and utilizing in-
terpretability techniques. Methods such as those explored
in [4,10,28] could provide deeper insights into the intercon-
nectedness of attributes by looking at the regions in images
they pertain to, enabling a more nuanced understanding of
how manipulation impacts different face features.
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Figure 7. Examples of Manipulation Effectiveness Based on
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tiveness of manipulations varies depending on whether a certain
attribute (confounder) is present in the original image.
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Figure 8. Relationship Between Dataset Correlations (MCC)
and Manipulation Results. We observed no statistically signif-
icant correlations between the correlations present in the dataset
and the manipulation outcomes.

We view this paper as an initial step in exploring this
area, and further research is needed to address several key
questions. Future work should explore different metrics for
calculating correlations to determine if they can explain the
scenarios in which certain issues arise. Additionally, inves-
tigating the effects of manipulating multiple attributes si-
multaneously, as opposed to focusing on individual attribute
changes, would be an intriguing direction for further study.
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Exploring Correlated Facial Attributes in Text-to-Image Models:
Unintended Consequences in Synthetic Face Generation

Supplementary Material

A. Common attributes between face attribute
datasets

Common attributes (30 total): Receding
Hairline, Big Nose, Heavy Makeup,
Pointy Nose, Smiling, Male, Bangs,
Mustache, Brown Hair, Eyeglasses,
Arched Eyebrows, Wearing Lipstick,
Black Hair, Goatee, Blond Hair, Young,
Bald, Mouth Slightly Open, Sideburns,
5 o Clock Shadow, Wavy Hair, Wearing
Hat, High Cheekbones, Bags Under Eyes,
No Beard, Gray Hair, Wearing Earrings,
Bushy Eyebrows, Oval Face, Rosy Cheeks

B. Manipulation Results Full Figures
Full versions of the figures shown in Section 5 can be

seen in Figure B.9 for DeltaEdit, Figure B.10 for ManiCLIP
and Figure B.11 for FFCLIP
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Figure B.9. Full manipulation results for DeltaEdit
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Figure B.10. Full manipulation results for ManiCLIP
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Figure B.11. Full manipulation results for FFCLIP
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