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Abstract

We introduce NaturalInversion, a novel model inversion-
based method to synthesize images that agrees well with the
original data distribution without using real data. In Natural-
Inversion, we propose: (1) a Feature Transfer Pyramid which
uses enhanced image prior of the original data by combining
the multi-scale feature maps extracted from the pre-trained
classifier, (2) a one-to-one approach generative model where
only one batch of images are synthesized by one generator to
bring the non-linearity to optimization and to ease the overall
optimizing process, (3) learnable Adaptive Channel Scaling
parameters which are end-to-end trained to scale the output
image channel to utilize the original image prior further. With
our NaturalInversion, we synthesize images from classifiers
trained on CIFAR-10/100 and show that our images are more
consistent with original data distribution than prior works by
visualization and additional analysis. Furthermore, our syn-
thesized images outperform prior works on various applica-
tions such as knowledge distillation and pruning, demonstrat-
ing the effectiveness of our proposed method.

Introduction
Convolution Neural Networks (CNNs) have achieved a great
success in various computer vision tasks such as image
classification, image generation, etc (Simonyan and Zisser-
man 2014; Goodfellow et al. 2014). The emergence of large
datasets (Krizhevsky and Hinton 2009; Deng et al. 2009)
has led to a progressive improvement in various applications
(Zhai et al. 2021; Chu et al. 2020). The CNNs learn mean-
ingful feature spaces with rich information from low-level
features to high-level semantic content (Zeiler and Fergus
2014). Hence, several works have been proposed to trans-
fer knowledge from pre-trained networks into a lightweight
model to inference in various conditions. Specially, Knowl-
edge Distillation (Hinton, Vinyals, and Dean 2015) transfers
the knowledge from the pre-trained teacher network to stu-
dent networks. Network pruning (Liu et al. 2017) reduces
redundant neural connections of a pre-trained network and
fine-tunes the remaining weights to recover the accuracy.
However, these methods require original data to train or fine-
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tune the compressed networks, limiting their use in privacy-
sensitive or data-limited scenarios.

To overcome these scenarios, several approaches have
synthesized the data from a pre-trained network without
original datasets or images prior (Mahendran and Vedaldi
2015). Recently, Yin et al. (2020) has proposed a novel
method to optimize the raw input space x̂ to synthesize im-
ages, using a regularizer that follows the statistics in the
batch-normalization(BN) layers of a pre-trained classifier.
However, we argue that optimizing the high-dimensional
raw input space is challenging for two reasons: 1) limited
image prior since the statistics in BN layer are averaged,
ignoring the specific information for individual images, 2)
optimization without non-linearity. These problems lead to
sub-optimized images which are heavily inconsistent with
original data distribution: low fidelity and low diversity of
synthesized images. Therefore, these images cause perfor-
mance degradation in applications compared to performance
trained with original dataset.

Therefore, for the richer image prior, we focus on fea-
tures of pre-trained CNNs, since they encode the low to high
level image prior on multi-scale feature maps (Islam, Jia,
and Bruce 2020). The sparsity in feature maps eliminates
the irrelevant variability of the input data while preserving
the important information (Xu et al. 2021). Furthermore,
feature maps of each layer encourage to capture multi-scale
characteristics of the target class and real data distribution.
Thus, utilizing the feature maps of the pre-trained classifier
for generation strengthens the real data characteristics on the
synthesized images (Shocher et al. 2020; Wang et al. 2021).

Inspired by the above methods, we propose the sub-
generator: Feature Transfer Pyramid (FTP) that uses multi-
scale feature maps from the pre-trained network to gener-
ated images. Thus, FTP enhances the characteristics of real
data by sequentially combining the multi-scale feature maps
from a pre-trained classifier. By adding the final combined
multi-scale feature maps to synthesized image, it strength-
ens the original data characteristics on the synthesized im-
ages, making images more consistent to original data distri-
bution. Secondly, we use the CNN-based generator to bring
a non-linearity in optimization, which makes generator pos-
sess higher ability to represent the complex characteristics.
We further propose the one-to-one approach, which utilizes
a generator for one batch of images during the current batch
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Figure 1: (a) Overall diagram of NaturalInversion for synthesizing high-quality images given pre-trained classifier. NaturalIn-
version pipeline consists of 3 parts : Step1. The generator produces one batch of samples and re-initializes after the current
batch synthesis step. Step 2. Feature Transfer Pyramid (FTP) works in full conjunction with a pre-trained classifier, extracting
feature maps and enhancing the characteristics of the original data. Step 3. Multiply the Adaptive Channel Scaling parameters
to Step2 images, and then we obtain final images. (b) Backpropagation phase to feed final images to a pre-trained classifier and
update all components. (c) Illustration of a single FTP block.

synthesis step. Specifically, each generator is optimized to
generate a specific subset of the original datasets, which ac-
celerate the convergence to the specific optimal point. In
addition, we use the learnable Adaptive Channel Scaling
(ACS) parameters that are end-to-end trained to adjust the
output channel scale to find “optimal channel scale range”
of original data learned by the classifier. Thus, ACS param-
eters implicitly learn the image prior.

In the end, with our proposed method called NaturalIn-
version, we synthesize more optimized images which agrees
more with original data distribution: higher fidelity and di-
versity than prior works. Experiments on the CIFAR dataset
show that NaturalInversion not only synthesize more visu-
ally plausible samples than prior works but also achieves
significantly higher performance on empirical studies and
applications in data-free conditions. The contributions of our
proposed methods can be summarized as follows:

• We propose a Feature Transfer Pyramid, which enhances
the synthesized images with the multi-scale feature maps
extracted from a pre-trained classifier.

• We introduce the one-to-one approach based generator to
ease the optimizing process and bring a non-linear opti-
mization.

• We further implicitly learn the image prior of original
data channel scale by end-to-end training the Adaptive
Channel Scaling parameters.

Related Work
Model Inversion. Inverting a pre-trained model helps to
interpret and understand the deep representation that the
model stored. Several works have reconstructed what the

model learned by optimizing input space from noise to im-
age with regularizers. DeepDream (Mordvintsev, Olah, and
Tyka 2015) visualizes the pattern that the model watch by se-
lecting one or more layers of the model and optimizing the
input space to maximize the class probability using the arbi-
trary target label ŷ. Follow-up studies such as DAFL (Chen
et al. 2019) simultaneously perform inversion and knowl-
edge distillation, training a generator to minimize the cross-
entropy loss and maximize the representation of the pre-
trained teacher network. DFAD (Fang et al. 2019) trains the
generator that maximizes disagreement between the predic-
tions of the pre-trained teacher and the student model, while
a student network reduces the discrepancy with a teacher
to generate more confusing samples. However, DAFL and
DFAD concentrate on synthesizing the images for a spe-
cific task, such as knowledge distillation. Thus, these images
are far from the original data distribution, leading to perfor-
mance degradation on various vision applications. To alle-
viate this issue, Yin et al. (2020); Haroush et al. (2020) use
a regularizer for channel-wise feature distribution matching
with stored BN statistics to improve consistency with orig-
inal data distribution, achieving the improvement in other
applications. However, due to the problems with optimizing
the input space with limited image prior, their images still
lack of fidelity and diversity.

Usage of Feature Maps. The feature maps from pre-
trained CNNs can provide insight into which characteris-
tic in feature map does the classifier intensively detects for.
The low-level feature maps generated by the shallower lay-
ers of CNNs encode basic representations such as edges and
corners of real images. The deeper features include more
complex semantic representations such as complicated geo-
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metric shapes in their feature maps (Yosinski et al. 2015).
For confirming the encoded information of CNNs, many
works visualize feature maps of a pre-trained model to in-
terpret feature representation in intermediate layers (Zeiler
and Fergus 2014; Olah, Mordvintsev, and Schubert 2017).
Inspired by previous works, several studies have synthesized
realistic images using the properties of feature maps (Kalis-
chek, Wegner, and Schindler 2021; Heitz et al. 2021; Xu
et al. 2021). Many style transfer algorithms (Gatys, Ecker,
and Bethge 2016; Lin et al. 2021; Kalischek, Wegner, and
Schindler 2021) extract the multi-scale feature maps on mul-
tiple layers by forwarding the style image to the network.
Then they render the style from an image to a content im-
age while preserving the semantic information of the con-
tent image. Gatys, Ecker, and Bethge (2015) utilizes the cor-
relations between feature maps in several layers to capture
spatial-based texture representations. GAN-based Semantic
Generation Pyramid (Shocher et al. 2020) proposes to feed
the target image to a pre-trained classifier and combine both
the feature map and same level generator block output to
replicate the classifier features. We draw inspiration from
several tasks of using multi-scale feature maps to obtain dif-
ferent scale representations of pre-trained CNNs. Our pro-
posed method gradually enhances the real data characteris-
tics encapsulated in a pre-trained teacher network to capture
the distribution of the original dataset.

Method
We aim to synthesize more realistic images which agrees
well with the original data distribution. In this section, we
provide a brief background and introduce our NaturalInver-
sion methods.

Preliminary
Model inversion approaches update the input space to get
an image x̂ given the pre-trained teacher network T . Given
trainable input space x̂ with randomly initialized noise and
arbitrary target label y, the input space is updated by mini-
mizing the below objective function.

min
x̂
L(x̂, y) +R(x̂) (1)

We can divide objective function into two part, loss function
L and regularizerR that captures natural image prior.

Inception Loss. Inceptionism-style images synthesis ap-
proach (Mordvintsev, Olah, and Tyka 2015) uses inception
loss to maximizes the probability of the expected target class
produced by the pre-trained teacher model. Given an ar-
bitrary target label ŷ, it encourages minimizing the cross-
entropy loss to find out the class probability distribution of
original data, as below:

LCE = CE(T (x̂), y) = −
∑
i

ŷi log yi (2)

Feature Distribution Regularizer. For more image prior,
DI (Yin et al. 2020) synthesizes the images that follow the
original dataset distribution stored in the pre-trained teacher
network. Given running mean (µ̂), and running variance(σ̂2)

of each BN layer (Ioffe and Szegedy 2015), they minimize
the difference between the channel-wise mean(µ(x̂)) and
variance(σ2(x̂)) of synthesized images and running statis-
tics of every BN layer.

RBN =
l∑

i=1

(∥µi(x̂)− µ̂i∥2 + ∥σ2
i (x̂)− σ̂2

i ∥2) (3)

where µi(x̂) and σ2
i (x̂) are the mean and variance of output

feature maps from each network layer i, and µ̂i and σ̂2
i de-

note the running mean and variance of pre-trained network.

Image Prior Regularizer. DeepDream(Mordvintsev,
Olah, and Tyka 2015) uses image prior regularizers forc-
ing synthetic images to be stably optimized following
pre-defined prior:

Rprior = λTVRT V(x̂) + λl2Rl2(x̂) (4)

RT V penalizes the sparsity in synthesized images with scal-
ing factor λTV . l2 normalization, Rl2(x̂) = ∥x̂∥2, encour-
ages the synthesized images to have a small norm with scal-
ing factor λl2 .

Inversion Using Generative Model
Our goal is to encourage the generator to implicitly approx-
imate the original dataset distribution preal(x). We use the
conventional conditional GAN (Mirza and Osindero 2014)
concept: the objective of the generator is to map z from
pz(z) to original data space X from preal(x|y). We sample
the latent vector z from the normal distributionN (0, 1) con-
catenated with y encoded as one-hot vector. However, if the
latent vector changes every training epoch, the latent vectors
are largely ignored or have minor effects on the variations of
the images in our framework. To address the mode-collapse
problem, we propose a “one-to-one” approach, which uti-
lizes one generator for synthesizing one batch of samples
during the current batch synthesis step B. Then, after suffi-
ciently optimizing θG for a latent vector z, we re-sample z′

and re-initialize the generator weight from θG to θ′G. As a
result, the continuously re-initialized generator specifically
captures a unique sample x corresponding to each z by opti-
mizing the θG. Therefore, our generator can synthesize im-
ages from various modes with respect to the different B,
leading to diverse images. The generator architecture are
shown in the appendix.

Feature Transfer Pyramid
Our goal is to utilize the richer image prior from the pre-
trained classifier. Thus, we propose Feature Transfer Pyra-
mid(FTP) as a sub-generator, a novel hierarchical schema
to gradually capture the distribution of the original dataset
from different scale feature maps. As shown in Fig.1, FTP
operates in conjunction with a pre-trained classifier. More
specifically, given the generator output G(z|y), we feed it
into the pre-trained classifier and extract the feature maps
F={f1, f2, f3, ...fN} with different layers. The f1 denotes
the low-level feature maps, and fN is higher-level feature
map. We extract the feature maps at the downsampling point
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Figure 2: Visualization of CIFAR-10 examples compare to prior works. From bottom to up, the result images were synthesized
with DAFL, DFAD, DI, and our method, respectively. All images are synthesized by the same pre-trained classifier, ResNet-34.
The CIFAR-10 class labels are written at the top.

because different scale feature maps have different repre-
sentations of a pre-trained classifier. The low-level feature
maps include the simple and primary characteristics, and
the higher-level feature map increasingly represents com-
plex semantic representation. Fig.1(c) shows the building
block of FTP. Now, we can get the outputs of each block,
the Feature enhancement map M={m1,m2, ...mL}, as:

ml =

{
W l

1(Φ(fN )), if l = 1

W l
1(Φ(W

l
3(ml−1 ⊕ fN−l))), otherwise

(5)

where Φ(·) denotes the upsample layer, W l
1 is the lth 1 × 1

convolution layer, and W l
3 denotes the lth 3× 3 convolution

layer of FTP. First, fN , the last feature map, is upsampled to
fit the first FTP output size and fed to FTP as input. Then,
the output of FTP block is summed with the fN−1 which is a
prior stage feature map from a classifier. Each output of FTP
block is gradually added to feature maps at the correspond-
ing stage of the classifier and undergoes convolution opera-
tions except the first block. Finally, the characteristic of orig-
inal data is enhanced in the synthesized images by adding
the mL to G(z|y) element-wisely. FTP gradually captures
the different spatial characteristics in the target class, and it
leads to synthesized images which resembles the real data.
We build up the layers of FTP when the spatial resolution
change. More detailed structure of FTP are in the appendix.

Adaptive Channel Scaling
The pre-trained classifier is trained with dataset which is
scaled to [0,1] and normalized with its mean and variation.
Thus, the pre-trained classifier is biased to channel scale
range of normalized original data, which can be used as im-
age prior. To implicitly utilize the optimal scale range of
original data, we propose the Adaptive Channel Scaling pa-
rameters α, which are learnable.

α ∈ RB×C×1×1 (6)
Where the B denotes the batch size, and the value of C is
3 known as RGB channel. We iteratively multiply α to final
images during inversion steps to adjust the output channel
distribution of synthesized images. Finally, we can get the
final synthesized images Î using below equation:

Îi = αi ⊗ (mL ⊕G(z|y)) (7)

Figure 3: One random batch samples of CIFAR-10 images.
Our proposed method can synthesize the diverse images
within one batch. Each column represents the same target
class image. The objects in mini-batch images has different
shapes and colors.

where ⊕ and ⊗ means element-wise add/multiply individu-
ally, and mL is the last Feature enhancement map in Eq. 5.
We multiply α to combination map with generator output
and mL. This ACS parameters induce the synthesized im-
ages to the “optimal scale range” which leads to produce the
suitable loss for synthesizing original distribution. Finally,
we again feed these final images to the pre-trained classi-
fier T and produce the gradient. Our generator, FTP and α
are optimized by same objective function which is defined
identically as Eq. 1.

Linv(Î , y) = LCE(Î , y) +RBN (Î) +Rprior(Î) (8)

After finishing the inversion epochs, the generator, FTP and
α are re-initialized and synthesize the next batch of images.
The overall process of NaturalInversion is summarized in
Alg. 1.

Experiments
In this section, we evaluate the performance of NaturalInver-
sion on CIFAR-10 and CIFAR-100 (Krizhevsky and Hinton
2009). Our experiments contain two parts, (1) analysis of
our method: we verify that our method can synthesize more
natural images (2) applications: we ensure the effectiveness
of NaturalInversion on various applications in data-free con-
ditions. Our experiments settings can be found in appendix.

1204



Algorithm 1: NaturalInversion Algorithm

Require: A pre-trained teacher network T

Output: Inversion Images Î
1: for number of batches B do
2: initialize Generator G(·; θG), FTP P (·; θP ), α
3: z ←N (0, 1)
4: for inversion epoch E do
5: x̂← G(z|y) ▷ generator output
6: mL ← P (x̂) ▷ FTP output
7: x̂′ ←mL + x̂ ▷ add last FTP output to x̂

8: Î ← α× x̂′ ▷ synthesize the final image
9: Linv ← T (Î) by Eq.8 ▷ compute loss function

10: θG ← θG − ηG∇θGLinv

11: θP ← θP − ηP∇θPLinv

12: α← α− ηα∇αLinv

13: end for
14: return Mini batch Images Î
15: end for

Analysis of NaturalInversion
We perform several studies to verify that synthesized images
using our methods capture the original dataset distribution.
As part of our experiments, we compare the (a) visualiza-
tion, (b) t-SNE, (c) comparison of generative model evalua-
tion metric result and (d) from-scratch training experiments.

Visualization. We show that our synthesized images of
CIFAR-10 are more visually realistic than prior works in
Fig. 2. This is because FTP further captures the character-
istics of the target class: the shape or color of individual
samples are more clearly reflected in synthesized images.
Furthermore, we show that our “one-to-one” approach syn-
thesizes more diverse images by optimizing particular gener-
ator for particular subset of original data as shown in Fig. 3.
In conclusion, our method are more consistent with original
data distribution with high fidelity and diversity than prior
works.

Feature Visualization. To verify that our method encour-
ages capturing original data distribution, we visualize the
feature space from each residual block output and embed-
ding layer of ResNet-34 using t-SNE (Van der Maaten and
Hinton 2008). For visualizing feature space, we use the
ResNet-34 trained by CIFAR-10 and compare the low-level
feature space among 10k original CIFAR-10, DI, and our
method. Entire t-SNE results are in the appendix. As shown
in Fig. 4, the feature representations of DI have low di-
versity and are heavily different from the original distribu-
tion. In contrast, the feature representation of our method is
more similar to original data than DI, which verifies that our
method fairly estimates the internal feature representation of
real data.

Generative Model Evaluation Metric. We further ana-
lyze our methods with the generative model evaluation met-
ric to assess how similar our images are to the original
dataset : (a) single-value metric - Inception Score (IS) (Sal-
imans et al. 2016) and Frechet Inception Distance (FID)

Figure 4: t-SNE of original CIFAR-10, DI, and ours. We
extract the feature embedding from 1st and 2nd residual
blocks. The green denotes the randomly sampling 10k orig-
inal CIFAR-10, The orange is NaturalInversion 10k images
and DI 10k images denote purple color.

Dataset Method IS FID Precision Recall

CIFAR-10
WGAN-GP 7.86 29.3 0.7040 0.4353
DI 2.67 197.33 0.5996 0.0028
Ours 5.15 76.04 0.6797 0.2792

CIFAR-100
WGAN-GP 6.68 37.30 0.7007 0.4023
DI 4.04 151.52 0.4051 0.0119
Ours 6.40 62.90 0.6845 0.2894

Table 1: Metric result of synthesized images by WGAN-GP,
DI, and ours. A higher score of IS, Precision and Recall is
better whereas a lower score of FID is better.

(Heusel et al. 2017). (b) two-value metrics- Precision and
Recall (P&R) (Sajjadi et al. 2018). We specifically verify
the qualitative fidelity and diversity of images by the two-
value metrics. We synthesize 50k CIFAR-10/100 images
from ResNet-34 and use the logit and embedding layer of
ImageNet pre-trained Inception-v3 (Szegedy et al. 2016) for
calculating the IS and remaining metrics respectively. To
show how well we approximated the original data distribu-
tion, we compare the synthesized images with the images by
DI and GAN-based model, WGAN-GP, which utilizes the
original data. As shown in Table 1, NaturalInversion outper-
forms DI across CIFAR-10/100 in terms of IS, FID, P&R. In
addition, NaturalInversion is even close to WGAN-GP base-
lines without original data. Through these evaluation met-
rics, we confirm that our method estimates the original dis-
tribution well without the real data.

From Scratch Training. To demonstrate how well our
method captures the original distribution, we train the model
from scratch with images by our method without any real
data and compare the training accuracy of model with other
methods: DAFL and DI. First, we synthesize 256k images
using DAFL, DI, and our methods from ResNet-34, VGG-16
trained by CIFAR-100 dataset. Then, we train the randomly
initialized networks from scratch using synthesized images.
We set the mini-batch size as 128 and train the model for
200 epochs using an SGD optimizer with a 0.05 learning
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Inversion Model Train Model DAFL DI Ours

ResNet-34
ResNet-18 32.40 49.61 74.55
VGG-11 15.85 39.46 67.31
MobileNetV2 33.49 34.86 64.34

VGG-16
ResNet-18 1.96 46.90 72.38
VGG-11 1.90 41.94 67.95
MobileNetV2 2.11 31.32 62.86

Table 2: From scratch experiments of CIFAR-100. We train
the various models from scratch using synthesized images
without any information about the training set or assistance
from other pre-trained networks.

O2O FTP ACS K.D acc IS FID Precision Recall
DeepInversion 42.22% 4.04 151.52 0.4051 0.0119

19.96% 4.29 87.09 0.7483 0.0118
✓ 56.69% 5.51 65.12 0.7732 0.1529
✓ ✓ 58.61% 5.41 63.36 0.7829 0.1617
✓ ✓ 59.42% 6.31 65.34 0.6589 0.2845
✓ ✓ ✓ 60.57% 6.44 63.54 0.6692 0.2960

Table 3: Effectiveness of DeepInversion and each compo-
nent of our method. Our method outperforms DI in IS/FID
scores and K.D with a small number of images (50k)

rate. Finally, we evaluate the training accuracy by forward-
ing the CIFAR-10/100 training set to trained classifiers. Ta-
ble 2 depicts how the images from NaturalInversion restores
the accuracy of model compared to other methods, meaning
that our method successfully captures the original training
set distribution. Our method outperforms prior works with
the training accuracy by a large gap. In addition, we ob-
served that our approach ensures high accuracy, even though
the types of training models are different from the inversion
model, implying that our method produces more “general-
ized” images that approximate the original data distribution.
The test accuracy result of CIFAR-10/100 is available in the
appendix.

Ablation Study

Effectiveness of Each Component in NaturalInversion.
We conduct the ablation experiments to understand how
each component affects our overall method. We synthesize
50k images from ResNet-34 trained by CIFAR-100 for each
configuration. We perform the knowledge distillation to the
ResNet-18 student network, and evaluate the quality of syn-
thesized images using FID, IS, and P&R. All settings in im-
age synthesis are the same as Section 4.1. Table 3 reports
the result of ablation experiments. The one-to-one generator
can reduce the mode collapse of synthesized images. Also,
ACS parameters per each instance image affect the image’s
color. These components increase the student network accu-
racy by improved diversity. FTP leads to synthesizing higher
fidelity images by using the feature maps, achieving the best
FID and Precision. In summary, FTP improves fidelity, and
one-to-one generator and ACS help diversity. The accuracy
of the student network achieves the best accuracy, 60.57%,
when using all components.

Feature Stage f4 f3,f4 f2,f3,f4 use all (ours)

1’st stage 0.6892 0.6845 0.6736 0.6634
final stage 77.90 75.84 75.52 73.72

Table 4: FID score under the different usage of feature maps.
We gradually choose the feature maps of ResNet-34 from
high-level(f4) to low-level feature maps(f1).
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Figure 5: Training loss curve during CIFAR-10 image syn-
thesis. Inception loss (left) and feature distribution regular-
izer (right). One-to-Many denotes that non-linearity opti-
mization without one-to-one approach.

Bottom-Up Usage of Feature Map. To verify the effec-
tiveness of our Feature Transfer Pyramid, we gradually in-
crease feature maps combined to FTP. We observe how close
the distribution of synthesized images is to the original dis-
tribution according to the number of feature maps. We con-
tinuously select high-level and low-level feature maps, then
build up the FTP blocks. First, we synthesize 10k images
from the ResNet-34 trained CIFAR-10 on each case. Then,
we calculate FID scores using the embedding layer of the
Inception-v3. As shown in Table 4, we demonstrate that the
more we gradually stack FTP block, the lower the FID score.
Since each block of FTP enhances the corresponding charac-
teristics of the original target class, we synthesize the images
closer to the original data.

Training Loss Curve. To test that our generative model
with one-to-one approach helps to converge to a specific op-
timal point faster, we test training loss convergence of three
cases: (a) optimization without non-linearity (b) non-linear
optimization without one-to-one approach (c) our method.
Fig.5 shows the training loss curve of LCE and RBN that
play a key role in generating images in NaturalInversion.
We simultaneously plot the training loss curve during 2k
CIFAR-10 image inversion epoch. Because of the difficulty
of optimizing the input space without non-linearity, DI con-
verges slower than our method, and the final training loss is
greater than ours for both LCE and RBN . Moreover, using
the generator to induce non-linearity helps the convergence
by greater ability to represent the complex characteristics of
the original distribution. In the end, we maximize the im-
provement in converge speed and training loss when using
one-to-one generator, leading to eased optimizing process.

Application 1: Knowledge Distillation (KD)
In this section, we ensure that we can transfer information
from a teacher network to a student network without origi-
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Dataset Teacher Student Accuracy
T. S. DAFL DFAD DI ADI ours A-ours

CIFAR-10

ResNet-34 ResNet-18 95.57 95.20 92.22 93.30 91.43 93.26 93.72 94.87
ResNet-34 VGG-11 95.57 92.44 ∗44.30 ∗88.66 ∗83.49 ∗75.53 89.41 88.46
ResNet-34 MobileNetV2 95.57 94.69 ∗72.16 ∗92.71 ∗91.00 ∗93.64 92.96 94.06
VGG-11 ResNet-18 92.44 95.20 ∗84.19 ∗89.35 83.82 90.36 90.10 91.84
VGG-11 VGG-11 92.44 92.44 ∗82.18 ∗91.34 84.16 90.78 89.79 91.07
VGG-11 MobileNetV2 92.44 94.69 ∗54.79 ∗84.96 ∗87.77 ∗88.97 89.59 90.62

CIFAR-100

ResNet-34 ResNet-18 78.02 76.87 74.47 67.70 ∗45.91 ∗64.38 67.00 72.82
ResNet-34 VGG-11 78.02 68.64 ∗48.43 ∗20.61 ∗36.04 ∗51.06 61.96 65.37
ResNet-34 MobileNetV2 78.02 68.02 ∗59.46 ∗57.30 ∗44.30 ∗58.88 66.42 71.26
VGG-16 ResNet-18 73.75 76.87 ∗24.91 ∗53.41 ∗50.32 ∗56.36 66.32 69.84
VGG-16 VGG-11 73.75 68.64 ∗23.96 ∗44.34 ∗46.24 ∗45.14 61.68 64.37
VGG-16 MobileNetV2 73.75 68.02 ∗9.00 ∗41.61 ∗37.76 ∗54.38 64.04 66.95

Table 5: The results of data-free knowledge distillation on CIFAR-10/100 with synthesized images from various inversion
methods. The bold type is the best value of the same architecture experiment, and the underbar type is the second-best value. T.
and S. means the baseline accuracy of teachers and students trained on the original training set. *: our re-implementations.
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Figure 6: Pruning performance of ResNet-34 on CIFAR-10
(left) and CIFAR-100 (right) under different pruning ratios.
We synthesize images from ResNet-34 and fine-tune the
pruned model using synthesized images by various methods.

nal data and outperform existing data-free knowledge distil-
lation approaches. We compare our approach with different
methods: DAFL, DFAD, DI, and ADI (Yin et al. 2020). Es-
pecially, ADI improves upon DI with increment in diversity
by the teacher-student disagreement. Since our method can
be applied to existing frameworks of inversion, we combine
our approach with the ADI method to improve the knowl-
edge distillation performance. For CIFAR-10 KD, we use
ResNet-34, VGG-11 as a teacher network, and use ResNet-
34 and VGG-16 for CIFAR-100 KD. To verify our method
synthesizes less biased images to the teacher, which means
generalized images regardless of the model type, we distill
knowledge to various students from each teacher. We choose
the ResNet-18 (He et al. 2016), VGG-11, and MobileNet-
V2 (Sandler et al. 2018) as a student network. We synthe-
size the 256k images from the teacher network and use all
images to train the student network. The results for the data-
free knowledge distillation are reported in Tab. 5, showing
that our approach achieves comparable performance com-
pared to the most of other methods. Furthermore, although
the teacher and student network have different architecture
types, NaturalInversion still achieves high performance over
other methods, indicating that our method produces less
model-biased images regardless of the data and network
type.

Application 2 : Pruning
We investigate that our method can improve the pruned
model accuracy without real data. For the pruning, we uti-
lized L1-norm pruning criteria that prunes a certain percent-
age of filters with smaller L1-norm (Liu et al. 2017). We
carry out experiments on different pruning ratios from 50%
to 90%, and all experiments are performed with ResNet-34.
Our pruning setup is the same with Liu et al. (2018), and we
locally prune the least important channels in each layer by
the same pruning ratio. After pruning ResNet-34 on CIFAR-
10/100, we fine-tune the pruned model using synthesized
images from the baseline model for 20 epochs by SGD with
0.001 learning rate. As shown in Fig.6, DAFL has poor per-
formance with 58.34% at a pruning ratio 90% on CIFAR-10
because it synthesizes images for a specific purpose, knowl-
edge distillation. DI has low performance on CIFAR-100 be-
cause the more complexity the image, the more difficult it is
to optimize without non-linear characteristics. In contrast,
we achieve the best accuracy recovery of a pruned model
up to 11.21% improvement on 90% pruning ratio due to the
high fidelity and diversity images. This result ensure that our
approach reflects the statistics of original data.

Conclusion
In this paper, we improve the quality of the synthesized im-
age compared to conventional inversion methods with our
proposed approach: NaturalInversion. First, we enhanced
the characteristics of target class via Feature Transfer Pyra-
mid by using multi-scale feature maps from classifier. Sec-
ond, we used one-to-one generator for alleviating the mode
collapse problem and bring the non-linearity. Lastly, we pro-
posed Adaptive Channel Scaling parameters to implicitly
learn the optimal channel scale range which has been learned
by the classifier. Through extensive experiments, we demon-
strated the effectiveness of NaturalInversion. Our methods
not only capture the original data distribution but also are
generalized, less biased to inversion model. We hope this
work helps for the further progress in synthesizing realistic
images in data-free conditions.
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