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Abstract
A discriminatively trained neural net classifier
can fit the training data perfectly if all informa-
tion about its input other than class membership
has been discarded prior to the output layer. Sur-
prisingly, past research has discovered that some
extraneous visual detail remains in the logit vec-
tor. This finding is based on inversion techniques
that map deep embeddings back to images. We
explore this phenomenon further using a novel
synthesis of methods, yielding a feedforward in-
version model that produces remarkably high fi-
delity reconstructions, qualitatively superior to
those of past efforts. When applied to an adver-
sarially robust classifier model, the reconstruc-
tions contain sufficient local detail and global
structure that they might be confused with the
original image in a quick glance, and the ob-
ject category can clearly be gleaned from the
reconstruction. Our approach is based on Big-
GAN (Brock, 2019), with conditioning on logits
instead of one-hot class labels. We use our re-
construction model as a tool for exploring the
nature of representations, including: the influ-
ence of model architecture and training objectives
(specifically robust losses), the forms of invari-
ance that networks achieve, representational dif-
ferences between correctly and incorrectly classi-
fied images, and the effects of manipulating log-
its and images. We believe that our method can
inspire future investigations into the nature of in-
formation flow in a neural net and can provide
diagnostics for improving discriminative models.
We provide pre-trained models and visualizations
at https://sites.google.com/view/
understanding-invariance/home.
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1. Introduction
Discriminatively trained deep convolutional networks have
been enormously successful at classifying natural images.
During training, success is quantified by selecting the cor-
rect class label with maximum confidence. To the extent
that training succeeds by this criterion, the output must
be invariant to visual details of the class instance such as
brightness changes, object pose, background configurations
or small amounts of additive noise. Consequently, the net
is encouraged to discard information about the image other
than the class label. A dog is a dog whether the input image
contains a closeup of a black puppy in a field or an elegant
white poodle being walked on a city street.

The successive layers of a convolutional net detect increas-
ingly abstract features with decreasing spatial specificity,
from pixels to edges to regions to local object components—
like eyes and legs—to objects—like dogs and cats (Zeiler
and Fergus, 2014). Is is commonly believed that this se-
quence of transformations filters out irrelevant visual detail
in favor of information critical to discriminating among
classes. This view is generally supported by methods that
have been developed to invert internal representations and
recover the visual information that is retained by the repre-
sentation in a given layer (Mahendran and Vedaldi, 2015;
Dosovitskiy and Brox, 2016a;b; Zhang et al., 2016; Shocher
et al., 2020). Inversion of layers close to the input yield
accurate reconstructions, whereas inversion of deep layers
typically results in a loss of visual detail and coherence.
Attempts to determine what visual information remains in
the class output distribution, as expressed by the logits that
are passed into the final softmax layer, have not been partic-
ularly compelling. A notable attempt to invert the logits is
the work of Dosovitskiy and Brox (2016a), which recovered
colors, textures and the coarse arrangement of image ele-
ments from the logits. However, the reconstructions appear
distorted and unnatural, and in the eleven examples shown
in Dosovitskiy and Brox (2016a, Figure 5), only about half
of the object classes are identifiable to a human observer.
One would not confuse the reconstructions with natural im-
ages. Although many visual details are present, the essence
of the objects in the original image is often absent.

In this paper, we demonstrate that the logit vector of a
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discriminatively trained network contains surprisingly rich
information about not only the visual details of a specific
input image, but also the objects and their composition in a
scene. With a method that leverages a combination of previ-
ously proposed techniques (Dosovitskiy and Brox, 2016a;
Brock et al., 2018), we obtain remarkably high fidelity re-
constructions of a source image from the logit vector of
an ImageNet classifier. To give the reader a peek ahead,
examine Figure 1 and compare the original image in column
1 of each set of five similar images to our reconstruction in
column 2. We show that the failure of previous efforts was
not due to the loss of instance-specific visual information
in the logits, but due to the less powerful inversion ma-
chinery. Apart from offering high quality reconstructions,
our approach is computationally efficient and flexible for
studying the reconstructions under various manipulations
on the logits. We therefore leverage our method to explore
the properties of logit representations across architectures
and optimization methodologies; we particularly focus on
comparing the properties of robust logits, optimized with an
adversarial training loop (Goodfellow et al., 2015), and stan-
dard logits, trained with a standard (non-robust) optimizer.
Our contributions are as follows:

� We improve on existing feature inversion techniques
by leveraging conditional projection discriminators
and conditional batch-norm. Compared to prior work
Dosovitskiy and Brox (2016a;b), this method gener-
ates higher qualitative reconstructions and is simpler
to implement.

� We show that both classifier architecture and optimiza-
tion procedure impact the information preserved in
logits of a discriminatively trained model. In particular,
robust classifiers show significantly better reconstruc-
tions, suggesting that robust logits encode more object-
and shape-relevant detail than non-robust logits. Fur-
ther, a ResNet architecture appears to preserve more
geometric detail than an Inception architecture does.

� We leverage our inversion technique to explore logit
reconstructions for: (1) correctly classified images
(and transforms that yield the same response) (2) in-
correctly classified images, (3) adversarially attacked
images, (4) manipulations in logit space, including
shifts, scales, perturbations, and interpolations, and
(5) out-of-distribution data.

� Our experiments show that robust logits behave differ-
ently than non-robust logits. Most notably, our inver-
sion model of robust logits, trained on ImageNet, can
invert data from other datasets without retraining. This
supports the view that adversarial training should be
used in real-life scenarios when out of domain general-
ization is important.

2. Related research
Methods developed to invert representations in classification
networks fall into two categories: optimization based and
learning based. Optimization based methods perform gra-
dient descent in the image space to determine images that
yield internal representations similar to the representation
being inverted, thus identifying an equivalence class of im-
ages insofar as the network is concerned. Back propagation
through the classification network is used to compute gradi-
ents in input space. For example, Mahendran and Vedaldi
(2015) search over image space, x 2 RH � W � C , to mini-
mize a loss of the form:

L(x; x0) = jj�( x) � �( x0)jj2 + �R(x); (1)

where x0 is the original image, �( x) is the deep feature
representation of input x,R is a natural image prior, and �
is a weighting coefficient. One drawback of this method is
that the solution obtained strongly depends on the random
initialization of the optimization procedure. With � = 0 ,
the inverted representation does not resemble a natural im-
age. Engstrom et al. (2019) argued that training a model
for adversarial robustness (Madry et al., 2017) provides a
useful prior to learn meaningful high-level visual represen-
tations. To make their argument, they reconstruct images
from representation vectors from the penultimate layer of
a robust model using the iterative method. They showed
reconstructions for a few examples and found that the re-
covered image is less sensitive to the initial state of the
gradient-based search, and that image-space gradients are
perceptually meaningful.

Learning based methods use a separate training set of {log-
its, image pixels} pairs to learn a decoder network that maps
a logit vector to an image (Dosovitskiy and Brox, 2016a;b;
Nash et al., 2019; Rombach et al., 2020). After training,
image reconstruction is obtained via feedforward computa-
tion without expensive iterative optimization. For example,
Dosovitskiy and Brox (2016b) train a decoder network via
a pixel reconstruction loss and an image prior. To improve
the blurry reconstructions, Dosovitskiy and Brox (2016a)
followed up with an approach most similar to ours, in which
they add an adversarial loss to the reconstruction and percep-
tual losses, which substantially improves the reconstruction
quality. We follow a similar approach, but make use of
recent advances in generative modelling such as conditional
projection discriminators and conditional batch normaliza-
tion. These modification give higher quality results, and
result in a model that is less sensitive to hyperparameter
tuning.

3. Models
We adopt a learning based approach for reconstructing from
the logits. Specifically, we train conditional GANs (Mirza
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Figure 1.Original images and logit reconstructions. In each set of five images, the columns are: (1) the original image input to the
classifiers, (2) reconstruction from our method using logits of a robust ResNet-152, (3) reconstruction from the method of Dosovitskiy and
Brox (2016a) using logits of a robust ResNet-152, (4) reconstruction from our method using logits of a standard (non-robust) ResNet-152,
and (5) reconstruction from our method using logits of a standard (non-robust) Inception-V3. The images are selected at random from the
test set with the only constraint that all classifiers produced the correct response to the images. These images were not used for training
either the classifier or the reconstruction method.
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Figure 2.A pretrained and �xed-weight classi�er provides logit
vectors which are used by a conditional GAN (Mirza and Osindero,
2014) to generate reconstructions. The discriminator is based on
the projection discriminator of (Miyato and Koyama, 2018), which
is fooled when both the reconstructed image looks natural and is a
match to the logit vector of the real image,x.

and Osindero, 2014) to synthesize images. Given an original
imagex that is passed through a pre-trained classi�er�
to obtain annc-dimensional logit vector,z = �( x), our
method focuses on obtaining a reconstruction of the input,
x̂, from a generative modelG that is conditioned onz:
x̂ = G(z; � ), where� � N (0; 1) is a 120-dimensional noise
vector that is used to obtain diversity in the generator output.

We build on the work of Dosovitskiy and Brox (2016a)
by using state-of-the-art classi�ers and a powerful, elegant
adversarial model. Speci�cally, we leverage batch-norm
generator conditioning—�rst used for style transfer (Du-
moulin et al., 2016; De Vries et al., 2017), and later used
in GANs (Miyato and Koyama, 2018; Brock et al., 2018);
and projection discriminators—�rst introduced in Miyato
and Koyama (2018) and further popularized by BigGAN
(Brock et al., 2018). Instead of conditioning the model com-
ponents using a one-hot class representation, we condition
on the target logit distribution,�( x0). Such feature-based
conditioning of the discriminator is similar to Boundless
(Teterwak et al., 2019), and the feature conditioning of
the generator is similar to SPADE (Park et al., 2019), also
known as GauGan.

The generator network is trained to synthesize images that
can fool a discriminator network. The weights of both net-
works are optimized jointly. The discriminator,D (�x; z),
takes either a real image,�x � x, or its corresponding gen-
erated image,�x � x̂, along with the logit vectorz which
is either produced by the classi�er for the real image, or is
used to synthesize the generated image. The discriminator
outputs a scalar, a large positive value when�x is real and a
large negative value when�x is synthetic.

The discriminator consists of two terms, one of which makes
the judgment based on whether the image is naturalistic and

the other based on whether the image would have produced
the given logits. Inspired by the projection discriminator of
Miyato and Koyama (2018), we use

D(�x; z) = ( w1 + W2z)> 	(� x); (2)

where	( �) is a deep net that maps to and-dimensional
feature vector; andw1 2 Rn d , W2 2 Rn d � n c . Thew1 term
helps discriminate images based on whether they appear real
or synthetic, and theW2 term helps to discriminate images
based on whether or not they are consistent with the logit
vectorz. The overall architecture is shown in Figure 2.

For an imagex and its corresponding logit vectorz = �( x),
we have adversarial losses for the discriminatorD , and the
generatorG:

L D = Ex;�
�
max

�
� 1; D

� �G(z; � ); z
��

� min (1; D (x; z))
�

;

L G = � Ex;�
� �D (G(z; � ); z)

�
;

with z = �( x), generator noise distribution� � N (0; 1),
and �G and �D denoting the parameter-frozen generator and
discriminator, respectively.

The discriminator is optimized to distinguish real and syn-
thetic images based both on the images themselves and the
logit vector. As a result, the discriminator is driven to distill
the classi�cation network and then apply a form of adversar-
ial perceptual loss (Johnson et al., 2016). The generator is
optimized to fool the discriminator by synthesizing images
that are naturalistic and consistent with the given logit vec-
tor. Consequently, the discriminator must implicitly learn
the mapping performed by the classi�er�( x).

Dosovitskiy and Brox (2016a) were able to approximately
invert representations by using a loss with three terms—
adversarial, perceptual, and pixel reconstruction—which
requires hyperparameter tuning. The approach we present
has the advantage of using a single loss term and thereby
avoiding tuning of relative loss weights.

Most of the previous conditional GANs uses the one-hot
class label vector for conditioning the generators (Brock
et al., 2018). Our generatorG conditions on the logic vector
z instead. Following Brock et al. (2018), we do not treat
the conditioning vectorz as a conventional input layer for
G, but rather usez to modulate the operation of each batch-
norm layer for a given channelk and a given layerl in G as
follows:

y0
lk =

ylk � E[ylk ]
S[ylk ]


 lk (z) + � lk (z) (3)

wherey and y0 are the layer input and output;
 (:) and
� (:) are differentiable functions ofz, which we implement
as two-layer MLPs; and the expectationE and standard
deviationSare computed over all units in channelk over all
inputs in the batch of examples being processed.


