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Supplemental Material
PREIM3D: 3D Consistent Precise Image Attribute Editing from a Single Image in Real Time

In the supplement, we first provide implementation de-
tails, including encoder training process and edit directions
seeking. We follow with additional experiments and visual
results. We highly recommend watching the supplemental
video, which contains a live demonstration of the real-time
inversion and attribute editing and a demonstration of se-
quential editing synthesis.

A. Implementation Details

A.1. Encoder Training

We implemented our encoder training on top of the of-
ficial pSp [4] encoder training framework implementation.
We set the λl2 = 1.0, λlpips = 0.8, and λori = 0.4 in
the first 20, 000 training steps. After the 20, 000 steps, we
gradually add a delta for the λw = 1e−4 every 5, 000 steps.
After the 100, 000 steps, we gradually add a delta for the
λsur = 1e−4 every 5, 000 steps. The in-domain images are
sampled from yaw angles between [−30◦, 30◦] and pitch
angles between [−20◦, 20◦]. The surrounding images are
sampled from yaw angles between [−20◦, 20◦] and pitch
angles between [−5◦, 5◦]

A.2. Edit Directions Seeking

We use InterfaceGAN [5] to train a SVM to find out the
attribute editing directions. For the editing directions in the
original space, the generator is applied to produce 140, 000
images. For the editing directions in the inversion mani-
fold, we perform inversion with our encoder on FFHQ [3]
dataset. Here, we have obtained the latent code w and im-
age pairs. An off-the-shelf multi-label classifier based on
ResNet50 [2] is applied to predict the images. We train
the SVM (https://github.com/clementapa/
CelebFaces_Attributes_Classification/) to
find the hyperplane that distinguishes binary attributes us-
ing the latent code w and the corresponding classification
result as input. The normal vector of the hyperplane is the
attribute editing direction.

B. Comparison on Face Inversion at More
Camera Poses

We uniformly sample 20 inverted images for each image
of the first 300 images from CelebA-HQ in different yaws
ranges using IDE-3D, 3D-Inv, Pixel2NeRF, and PREIM3D.
As with the main text, IDE-3D and 3D-Inv perform image
inversion with 500 w optimization steps and 100 generator
fine-tuning steps. We show the identity consistency (ID) in
Figure 1.

𝐼𝐷0−10 𝐼𝐷10−20 𝐼𝐷20−30 𝐼𝐷30−40 𝐼𝐷40−50 𝐼𝐷50−60

Figure 1. IDa−b denotes the mean ArcFace similarity score be-
tween the input image and the 20 inverted images uniformly sam-
pled from yaw angles between [−b◦, a◦]∪[a◦, b◦] and pitch angles
between [−20◦, 20◦]. Our method has a higher ID score than other
methods in different yaw ranges.

C. Additional Precise Editing

AA & AD. Following [7], we use attribute altering (AA)
to evaluate the change of the desired attribute and attribute
dependency (AD) to measure the degree of change on other
attributes when modifying one attribute. AA is the change
on the logit ∆lt of the off-the-shelf multi-label classifier de-
tecting attribute t and is normalized by σ(lt), which is the
standard deviation calculated from the logits of CelebA-HQ
dataset. AD measures the change of logit ∆li for other at-
tributes ∀i ∈ A\t, where A is the set of all attributes. Here,
we use the mean-AD, defined as E( 1k

∑
i∈A\t(

∆lt
σ(li)

)).
To further validate the precision of the editing in the in-

version manifold, we perform more attribute editing. We
make different degrees of editing by adjusting α, and then
observe the changes on the other attributes. Figure 2, 3
shows the difference between editing in the original space
and editing in the inversion manifold, involving goatee, lip-
stick gray hair, wavy hair, and gender attributes. Both 2D-
space and 3D-space attribute editing show more precise
editing in the inversion manifold than in the original space.

D. Naive Optimization-based Inversion

Different from the PTI technique, the naive
optimization-based inversion method only optimizes
the latent code w, while fixing the generator. Figure 4
shows the inversion results of the naive optimization-based
inversion method.

https://github.com/clementapa/CelebFaces_Attributes_Classification/
https://github.com/clementapa/CelebFaces_Attributes_Classification/


108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161

162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

CVPR
#4661

CVPR
#4661

CVPR 2023 Submission #4661. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Figure 2. PREIMD(Ours). As the degree of editing α changes, both Attribute Altering (AA) and Attribute Dependency (AD) change.
Lower AD indicates more precise.

Figure 3. e4e(2D) [6]. As the degree of editing α changes, both Attribute Altering (AA) and Attribute Dependency (AD) change. Lower
AD indicates more precise.

input Inversion

(input pose)

Inversion

(novel pose)

Inversion

(novel pose)

Inversion

(novel pose)

Figure 4. The inversion result of 1, 0000 iterations of steps. The
naive optimization-based inversion method reconstructs the view
of the input camera pose but produces significant artifacts in the
views of other camera poses.

E. Fine-tuning the Generator

Inspired by Pixel2NeRF [1], we attempted to fine-tune
the generator when training the inversion encoder. Unfor-
tunately, there are always some ripple-like artifacts in the
hair, which was also observed for Pixel2NeRF, as shown in
the figure 5.
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Figure 5. It is complex to train the encoder and fine-tune the gen-
erator at the same time. We found some tough ripple-like artifacts
in the hair.

input inv𝑜𝑟𝑖 inv𝑛𝑒𝑤 𝑎𝑛𝑔𝑙𝑒 edit𝑜𝑟𝑖 edit𝑛𝑒𝑤 𝑎𝑛𝑔𝑙𝑒

Figure 6. Inversion and (hair color) editing results on cat faces.

F. Beyond Human Face
We conducted some experiments with the AFHQ Cat.

We invert the dataset to obtain inversion latent samples. Fol-
lowing GANSpace, We adopt principal component analysis
(PCA) to find the semantic directions. The results in the cat
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domain are shown in Fig 6.

G. FID and KID

Method FIDori FIDsm FIDmid FIDla KIDla

IDE-3D 22.7 36.8 45.2 75.7 0.065
3D-Inv 28.1 40.6 44.9 65.4 0.046

Pixel2NeRF 83.3 85.4 86.2 93.2 0.086
PREIM3D (Ours) 43.6 48.3 50.7 63.3 0.042

Table 1. FID & KID comparisons on 1,000 faces from CelebA-
HQ. FIDori is measured between the inverted images at the origi-
nal angle and the input images. We use sm, mid, la for uniform
samples from yaw [15◦, 20◦] and pitch [10◦, 15◦], yaw [25◦, 30◦]
and pitch [15◦, 20◦], yaw [35◦, 40◦] and pitch [20◦, 25◦].

We evaluated inversion FID in Table 1. The inception
features used in FID focus on the whole image, while our
method introduces regularization of the face regions, which
makes our FID scores not as good as IDE-3D and 3D-Inv
at small angles. However, our model outperforms previous
works at large angles. KID shows similar results.

H. Additional Visual Results
We provide a large number of inversion and editing re-

sults produced by PREIM3D in Figure 7 to 13
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Figure 7. The inversion results obtained by PREIM3D. The first column is the input image.
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Figure 8. The age editing results obtained by PREIM3D. The first column is the input image.
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Figure 9. The eyeglasses editing results obtained by PREIM3D. The first column is the input image.



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

CVPR
#4661

CVPR
#4661

CVPR 2023 Submission #4661. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Figure 10. The smile editing results obtained by PREIM3D. The first column is the input image.
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Figure 11. The goatee editing results obtained by PREIM3D. The first column is the input image.
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Figure 12. The lipstick editing results obtained by PREIM3D. The first column is the input image.



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

CVPR
#4661

CVPR
#4661

CVPR 2023 Submission #4661. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

Figure 13. The wavy hair editing results obtained by PREIM3D. The first column is the input image.


