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Abstract

We address the functional role of feature inhibition in vision models; that is,
what are the mechanisms by which a neural network ensures images do not
express a given feature? Inhibition has received far less treatment in the
literature than excitation, yet is critical for the construction of discriminative
features. We observe that standard interpretability tools are not immediately
suited to the inhibitory case, given the asymmetry introduced by the ReLLU
activation function. Given this, we propose inhibition be understood through
a study of mazimally tense images (MTIs), i.e. those images that excite
and inhibit a given feature simultaneously. We show how MTIs can be
studied with two novel visualization techniques; +/- attribution inversions,
which split single images into excitatory and inhibitory components, and
the attribution atlas, which provides a global visualization of the various
ways images can excite/inhibit a feature. Finally, we explore the difficulties
introduced by superposition, as such interfering induce the same attribution
motif as maximally tense images.

1 Introduction

What makes an image not activate a given feature in a neural
network? This is the opposite of the question one typically
asks, but it is important nonetheless; features are only useful
if they are discriminative, that is, if they activate in response
to certain attributes of the input, but not others. A supposed
'banana’ feature that activates for images of 'duck bills’ isn’t
much of a ’banana’ feature at all, and cannot be employed
by the model as such. What, if any, are the mechanisms in a
neural network that make features discriminative, that make
duckbills not bananas? If such mechanisms exist, how do
we identify them? Do we need new tools, or is the current
interpretability toolbox up to the task?

Figure 1: How might a net-
work construct an accurate
’banana’ feature, that doesn’t
activate for duckbills?

Maximally Exciting Images. If we start by taking stock

of this toolbox, we notice a common attribute of nearly every method is a reliance on
maximally exciting images, or MEIs[27]. In the general case, a feature can be thought of
as a scalar-valued function of images, and an MEI is any input for which this function
returns a large value. The simplest form of MEIs are the top-k activating images from a
large dataset[4I] 5], but more sophisticated interpretability techniques rely on them just
them same. Feature visualization techniques synthesize MEIs with gradient ascent, in
such a way that the optimized image expresses human-perceptible features, rather than
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adversarial ones41, [30, (36, 57, 56, [47, [16, [38, [34, 59, [37, [39]. Saliency map techniques return
a heatmap over an image that highlights the most important regions of a given image for the
expression of a given featur®Q, [3, 4, 52, 54, [17, 40, (22, [64, 45, [20, 46, [29]. In e ect, saliency
maps reveal smaller, spatially localized MElIs that the user should identify with the feature.
'‘Concept'-based techniques specify the features in a model we should be studying in the
rst place[25, 23, 121, 19, [62], but these are typically paired with an assessment of MEls, as
features still need to be understood regardless of how they are identi ed in the model. Finally,
where the above techniques characterize what featureepresent mechanistic approaches
seek to explain how features areomputed4?, [13]. Mechanistic accounts of a model typically
describe functions that operate on simpler/earlier features to compute complex ones. Even
here, it is common practice to visualize the component features that comprise such functions
with MEIs[21] Bl 43, [9].

Maximally Inhibiting Images. Given
MElIs are ubiquitous in our understanding
of what features are, a natural starting
point for understanding what features aren't
is Mlls, or "maximally inhibiting images".
Such images are sometimes considered in
the literature; for example, when character-
izing many units in a single model, each
can be quickly conveyed through its set of
MEls and MlIs[41]. Additionally, human ex-

periments on the interpretability of features

often invoke Mills in their design; a feature is
considered 'interpretable’ if humans can ex-
trapolate from its set of MEIs and Mlls, cor-

rectly predicting whether new images belong
to the MEI or MIl set [ B, [63, [27]. Mecha-
nistic interpretability methods that consider

inhibition also invoke MII; for example, by

looking at the MEI s for units connected
by large negative weightsfi2, [8, [43] or large

: . . Fi 2: | 12 lidati -
negative attributions[g]. igure magenet [12] validation dataset ex

ample MEI and MII images for random features
across several layers of InceptionV1 B5]. For each

Mlls may be a nat_ura_ll _starting point for un- layer, the top row images correspond to MEIs/MlIs
derstanding what inhibits features, but they ¢o; 5 unit in that layer. The bottom row images

raise immediate concerns. First, consider the correspond to a feature direction identi ed with
model architecture, specically the ReLU k-means clustering. For both unit and k-means
activation function, ReLU(x) = max(x;0), features, MEIls and their respective Mlls seem re-
which introduces an asymmetry between pos- latable in early layers, but arbitrarily paired in
itive and negative activations. What is the later layers.

use in knowing an image induces a large neg-

ative activation if this is precisely the information the ReLU function throws out? Negative
weights are not learned by the modelso that features return large negative values for certain
inputs. It's not clear what Mlls mean to the network, but there's also a second problem; in
many cases Mlls are not meaningful to humans. This is an empirical point, by which we
mean a feature's MEls and MlIs often bear no visual relationship to each other, particularly
for the high-level features represented in the later layers of the network. One might hope
that Mlls have some property we can intuit as the 'opposite' of their respective MEls, in
which case the two image sets would constitute the poles of a meaningful axis. For example,
consider the MEIs and Mlls for features in layer 'Conv2d0' of InceptionV1 55|, shown in
Figure [2. In this rst convolution layer the Mlls are approximately the MEls but with their
colors reversed; for example, orange above black becomes black above orange. However in
late layers like 'mixed5a’, where features have large receptive elds and rich semantics, the
relationship between MEIs and Mlls seems arbitrary. We validate these intuitions with a
human experiment, showing people can learn to predict Mills from MEIs in the rst layer,
but not in later ones (appendix [B).

To address these issues with Mlls, we present the following contributions:



We introduce analyses ofmaximally tense images(MTIs), which excite and inhibit

a target feature simultaneously. With regards to MTIs, negative weights play a
meaningful functional role, as the feature would erroneously activate in response to
its MTIs were it not for these weights.

We present 2 novel feature visualization techniques that explain feature inhibition
both locally and globally.

We explore how inhibitory weights facilitate superposition, and the di culty this
introduces for a mechanistic understanding of inhibition.

Notation. In what follows, we consider a neural networkf : X 'Y , which transforms an
input image, x 2 X, through a sequence of. hidden representations. Letf- : X ' H - denote
the function mapping the image to the "™ such hidden representation,h- = (hy;:::;;hy )T 2
H- R". In this work, a feature corresponds to a vectorv 2 H -, and the function that
computes the feature's 'activation' asf, (x) = f-(x) v.

Hardware & Software. The following experiments utilized 2 GeForce RTX 2080 GPUs.
We used open-source software Pytorch (BSD 3-Clause License)4], and the faccent (Apache
License 2.0) [24] feature visualization library.

2 Completeness of gradient-based attribution

Specifying MTIs will rely on computing 'attributions' for feature activations in an earlier
layer of the model. In particular, we will leverage an empirical property of these attributions,
that they behave additively. Consider a fully linear model,y = wx = wiX3 + i + Wy Xp.
Observe that in this linear casew; = %, thusy = r yy Xx. Wheny is a nonlinear function
of X,y =r xy X is a linear approximation, useful for many di erent applications, such as
pruning [10, 33, 28] and saliency maps %1, 52]. In our case, we want to understand the
computation of feature f, as some function of features computed in an earlier layer, so let's

de ne a layer-to-feature attribution vector, S, and its sum, E;:

Six;fy)=rp fy(x) h Ei(x;fy)=rn fy(x) h Q)

If fy, E,, then S, can be used to selecmax-
imally tense images(MTIs). MTIs are those
images for which the attribution vector S; has
both large positive and negative terms, indi-
cating instances in which inhibition plays an
important functional role, additively negating
excitation. Previous work has called the prop-
erty in which an attribution vector sums to
fy(x) 'completeness’, and unfortunately has
observed that E; as de ned does not satisfy
completeness when attributing across entire
image classi cation models, from a class prob-
ability to pixels[ 53, 49, 3]. However, E; may
still be complete when attributing between la-
tent layers of the model, avoiding the gradient-
attening e ects of the nal softmax, as well
as the non-linear relationship between pixel
intensities and representations in later layers.

To test this, we computed E,(x;f,) for 20

random logits and all Imagenet [L2] validation

set images across several models. Figure Figure 3: The correlation between logits, fy,

shows the average Pearson's correlation df, and total attribution E, measured across layers.
and E, across logits. E, is computed for all fv  E across all layers, except when measured
ReLU layers in the model and the pixel space, through very early layers and pixels.

and Figure 3 orders these measurements by layer depth. We nd thate, are close to ceiling
in their correlation with logits when computed through most layers of the model. When
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