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Abstract

In this work we leverage feature visualization to probe the
bounds of feature combinations in the InceptionV1 object
recognition model (Szegedy et al., 2015). While our tech-
nique also yields conventional/viewable feature visualiza-
tions, we demonstrate how such optimizations can reveal
contingencies between feature pairs that are difficult to
infer from their responses to natural images alone. We
propose a data visualization motif that is ideal for quickly
assessing the relations between arbitrary feature pairs.
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Figure 1: What's this?

Introduction

What do you see in Figure 1? According to Dalle-3 (Betker et
al., 2023), it's a depiction of a 'broccoli elephant’. Despite the
unnatural feature combination, the model represents it 'cor-
rectly’, in that we perceive ‘broccoli’ and ’elephant’ simultane-
ously in the generated image. While it's easy to probe gen-
erative models for unusual feature combinations like this (just
give them zany prompts), it's not obvious how to do so in dis-
criminative models. That said, we know discriminative mod-
els have the potential to be very expressive in their feature
combinations; after all, our own visual system has no problem
representing the broccoli elephant as such.

This raises an important question when assessing features
in discriminative models; namely, what features combination
are possible for the model, and how do we disentangle pos-
sibility from the feature covariances introduced by the input
data generating process? It may be that some feature com-
binations are possible but others aren’t, given the way that
each feature is computed. For example, can a percept be
simultaneously pointy and rounded? What if ’pointy’ and
rounded’ are computed like the functions pointy(x) = x and
rounded(x) = —x? There could be no such image x that was
pointed and rounded in such a case.

Feature Combinations with Optimization

In this work, we will test if feature combinations are possible
by optimizing the model’s inputs. Given a model, let’s denote a
function that computes a set of features f(x) : X — 9, where
X is the domain of the model. Here we will consider features
that correspond to latent neurons in a neural network, but the
technique we introduce is extendable to features defined in
other ways, so long as f is differentiable. Additionally, we’ll
constrain ourselves to the simple case of feature pairs; i.e.
activations y € 9 C R2. Given our features are continuous,
we can formalize feature combinations as all the directions in
which the feature vector y can point. In Rz, direction can be
parameterized by a single value, the angle 6 between y and
[1,0]. We can optimize for any 8 (feature combination) by
maximizing the cosine similarity between y and the unit vector
[sin(0),cos(0)]. However, this objective may not be sufficient
for generating feature combinations, as cosine similarity is in-
variant to changes in the magnitude of y. We wouldn’t want
our probe for feature combinations to result in ’solutions’ that
yield small activation for both features. Luckily, the cosdot ob-
jective has previously been proposed/utilized for the purposes
of feature visualization (Carter, Armstrong, Schubert, John-
son, & Olah, 2019; Mordvintsev, Pezzotti, Schubert, & Olah,
2018; Olah, Mordvintsev, & Schubert, 2017), and is well suited
to our needs. The cosdor objective multiplies the dot product
of two vectors by their cosine similarity; thus one can opti-
mize one vector, y, with respect to a target vector h, such that
the optimized vector is encouraged to both decrease its angle
with the target (cosine similarity) and increase its overall mag-
nitude (dot product). Given some target feature combination
0, the cosdot (C) objective yields;
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p is a hyperparameter that controls how much weight is to be
placed on the cosine similarity (direction). We set p = 4 for all
experiments conveyed in this paper. Given this objective, we
can attempt to optimize for images that yield arbitrary feature
combinations;

C(y,8;p) :=

x* =argmax C(f(x);6,p)

xeX

We can optimize for x* with gradient ascent, augmented
with additional feature visualization tricks (Fel et al., 2023).






