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Abstract

Humans recognize visually-presented objects rapidly and accurately. To under-
stand this ability, we seek to construct models of the ventral stream, the series of
cortical areas thought to subserve object recognition. One tool to assess the qual-
ity of a model of the ventral stream is the Representational Dissimilarity Matrix
(RDM), which uses a set of visual stimuli and measures the distances produced in
either the brain (i.e. fMRI voxel responses, neural firing rates) or in models (fea-
tures). Previous work has shown that all known models of the ventral stream fail
to capture the RDM pattern observed in either IT cortex, the highest ventral area,
or in the human ventral stream. In this work, we construct models of the ventral
stream using a novel optimization procedure for category-level object recognition
problems, and produce RDMs resembling both macaque IT and human ventral
stream. The model, while novel in the optimization procedure, further develops
a long-standing functional hypothesis that the ventral visual stream is a hierarchi-
cally arranged series of processing stages optimized for visual object recognition.

1 Introduction

Humans recognize visually-presented objects rapidly and accurately even under image distortions
and variations that make this a computationally challenging problem [27]. There is substantial
evidence that the human brain solves this invariant object recognition challenge via a hierarchical
cortical neuronal network called the ventral visual stream [[13} [17], which has highly homologous
areas in non-human primates [19, 9]. A core, long-standing hypothesis is that the visual input
captured by the retina is rapidly processed through the ventral stream into an effective, “invariant”
representation of object shape and identity [[11} (9, |8]. This hypothesis has been bolstered by recent
developments in neuroscience which have shown that abstract category-level visual information is
accessible in IT (inferotemporal) cortex, the highest ventral cortical area, but much less effectively
accessible in lower areas such as V1, V2 or V4 [23]. This observation has been confirmed both
at the individual neural level, where single-unit responses can be decoded using linear classifiers
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Figure 1: A) Heterogenous hierarchical convolutional neural networks are composed of basic oper-
ations that are simple and neurally plausibly, including linear reweighting (filtering), thresholding,
pooling and normalization. These simple elements are convolutional and are stacked hierarchi-
cally to construct non-linear computations of increasingly greater power, ranging through low (L1),
medium (L2), and high (L3) complexity structures. B) Several of these elements are combined
to produce mixtures capturing heterogenous neural populations. Each processing stage across the
heterogeneous networks (A1, A2, ...) can be considered an analogous to a neural visual area.

to to yield category predictions [14} 23] and at the population code level, where response vector
correlation matrices evidence clear semantic structure [[19].

Developing encoding models, models that map the stimulus to the neural response, of visual area IT
would likely help us to understand object recognition in humans. Encoding models of lower-level
visual responses (RGC, LGN, V1, V2) have been relatively successful [21} 4] (but cf. [26]). In
higher-visual areas, particularly IT, theoretical work has described a compelling framework which
we ascribe to in this work [29]. However, to this point it has not been possible to produce effective
encoding models of IT. This explanatory gap, between model responses and IT responses, is present
at both the level of the individual neuron responses and at the population code level. Of particular
interest for our analysis in this paper, current models of IT, such as HMAX, have been shown to
fail to achieve the specific categorical structures present in neural populations [18]]. In other related
work, descriptions of higher areas (V4, IT) responses have been made for very narrow classes of
artificial stimuli and do not define responses to arbitrary natural images [6 3]

In a step toward bridging this explanatory gap, we describe advances in constructing models that
capture the categorical structures present in IT neural populations and fMRI measurements of hu-
mans. We take a top-down functional approach focused on building invariant object representations,
optimizing biologically-plausible computational architectures for high performance on a challenging
object recognition screening task. We then show that these models capture key response properties
of IT, both at the level of individual neuronal responses as well as the neuronal population code —
even for entirely new objects and categories never seen in model selection.

2 Methods

2.1 Heterogenous Hierarchical Convolutional Models

Inspired by previous neuronal modeling work [7, [6], we constructed a model class based on three
basic principles: (i) single layers composed of neurally-plausible basic operations, including fil-
tering, nonlinear activation, pooling and normalization (ii) using hierarchical stacking to construct
more complex operations, and (iii) convolutional weight sharing (fig. [TIA). This general type of
model has been successful in describing a variety of phenomenology throughout the ventral stream
[30]. In addition, we allow combinations of multiple hierarchical components each with different



parameters (such as pooling size, number of filters, etc.), representing different types of units with
different response properties [S] and refer to this concept as (iv) heterogeneity (fig. ).

We will now formally define the class of heterogeneous hierarchical convolutional neural networks,
N First consider a simple neural network function defined by

Ng = Poolg,(Normalizeg, (Thresholdg, (Filtery, (Input)))) (1)

where the pooling, normalization, thresholding and filterbank convolution operations are as de-
scribed in [28]]. The parameters © = (6,0, 61, 6r) control the structure of the constituent opera-
tions. Each model stage therefore actually represents a large family of possible operations, specified
by a set of parameters controlling e.g. fan-in, activation thresholds, pooling exponents, spatial in-
teraction radii, and template structure. Like [28]], we use randomly chosen filterbank templates in
all models, but additionally allow the mean and variance of the filterbank to vary as parameters. To
produce deep feedforward networks, single layers are stacked:

Filter Threshold Normalize Pool
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We denote such a stacking operation as N(Oq,...,0y), where the ©; are parameters chosen
separately for each layer, and will refer to networks of this fork as “single-stack” networks.
Let the set of all depth-k single-stack networks be denoted Nj. Given a sequence of such
single-stack networks N(©;1, 019, ...,0;,,) (possibly of different depths), the combination N =
@k | N(0i1,012,...,0;,,) is formed by aligning the output layers of these models along the spa-
tial convolutional dimension. These networks N can, of course, also be stacked, just like their single-
stack constituents, to form more complicated, deeper heterogenous hierarchies. By definition, the

class \V consists of all the iterative chainings and combinations of such networks.

2.2 High-Throughput Screening via Hierarchical Modular Optimization

Our goal is to find models within N that are effective at modeling neural responses to a wide variety
of images. To do this, our basic strategy is to perform high-throughput optimization on a screening
task [28]]. By choosing a screening task that is sufficiently representative of the aspects that make
the object recognition problem challenging, we should be able to find network architectures that are
generally applicable. For our screening set, we created a set of 4500 synthetic images composed of
125 images each containing one of 36 three-dimensional mesh models of everyday objects, placed
on naturalistic backgrounds. The screening task we evaluated was 36-way object recognition. We
trained Maximum Correlation Classifiers (MCC) with 3-fold cross-validated 50%/50% train/test
splits, using testing classification percent-correct as the screening objective function.

Because NV is a very large space, determining among the vast space of possibilities which parameter
setting(s) produce visual representations that are high performing on the screening set, is a challenge.
We addressed this by applying a novel method we call Hierarchical Modular Optimization (HMO).
The intuitive idea of the HMO optimization procedure is that a good multi-stack heterogeneous net-
work will be found by creating mixtures of single-stack components each of which specializes in
a portion of an overall problem. To achieve this, we implemented a version of adaptive hyperpa-
rameter boosting, in which rounds of optimization are interleaved with boosting and hierarchical
stacking.

Specifically, suppose that N € N and S is a screening stimulus set. Let F be the binary-valued
classification correctness indicator, assigning to each stimulus image s 1 or 0 according to whether
the screening task prediction was right or wrong. Let score(N, S) = > g N(F(s)). To efficiently
find N that maximizes score(N, S), the HMO procedure follows these steps:

1. Optimization: Optimize the score function within the class of single-stack networks, obtaining
an optimization trajectory of networks in A (fig[2JA, left). The optimization procedure that we use
is Hyperparameter Tree Parzen Estimator, as described in [1]. This procedure is effective in large
parameter spaces that include discrete and continuous parameters.

2. Boosting: Consider the set of networks explored during step 1 as a set of weak learners, and
apply a standard boosting algorithm (Adaboost) to identify some number of networks Ny1, ..., Ny,
whose error patterns are complementary (fig[JA, right).

3. Combination: Form the multi-stack network Ny = @, Ny; and evaluate FE(N;(s)) forall s € S.
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Figure 2: A) The Hierarchical Modular Optimization is a mechanism for efficiently optimizing
neural networks for object recognition performance. The intuitive idea of HMO is that a good multi-
stack hetergenous network will be found by creating mixtures of single-stack components each of
which specializes in a portion of an overall problem. The process first identifies complementary per-
formance gradients in the space of single-stack (non-heterogenous) convolutional neural networks
by using version of adaptive boosting interleaved with hyperparameter optimization. The compo-
nents identified in this process are then composed nonlinearly using a second convolutional layer
to produce a combined output model. B) Top: the 36-way confusion matrices associated with two
complementary components identified in the HMO process. Bottom Left: The two optimization
trajectories from which the single-stack models were drawn that produced the confusion matrices in
the top panels. The optimization criterion for the second round (red dots) was defined relative to the
errors of the first round (blue dots). Bottom Right: The confusion matrix of the heterogenous model
produced by combining the round 1 and round 2 networks.

4. Error-based Reweighting: Repeat step 1, but reweight the scoring to give the j-th stimulus s;
weight 0 if Vy is correct in s;, and 1 otherwise. That is, the performance function to be optimized for
Nisnow ) .o E(Ni(s)) - E(N(s)). Repeat the step 2 on the results of the optimization trajectory
obtained to get models N, ... Nog,, and repeat step 3. Steps 1, 2, 3 are repeated K times.

After K repeats, we will have obtained a multi-stack network N = ®;<x j<k, V;;. The process can
then simply be terminated, or repeated with the output of V as the input to another stacked network.
In the latter case, the next layer is chosen using the same model class N to draw from, and using the
same adaptive hyperparameter boosting procedure.

The meta-parameters of the HMO procedure include the numbers of components [1, lo, . . . to be se-
lected at each boosting round, the number of times K that the interleaved boosting and optimization
is repeated and the number of times M this procedure is stacked. To constrain this space we fix the
metaparameters [ = ls..... = 10, K = 3, and M < 2. With the fixed screening set described
above, and these metaparameter settings, we generated a network Nz 0. We will refer back to
this model throughout the rest of the paper. Nyaro produces 1250-dimensional feature vectors
for any input stimulus; we will denote N0 (s) as the resulting feature vector for stimulus s and
Npno(s)k as its k-th component in 1250-dimensional space.

2.3 Predicting IT Neural Responses

Utilizing the N g0 network, we construct models of IT in one of two ways: 1) we estimate a GLM
model predicting individual neural responses or 2) we estimate linear classifiers of object categories
to produce a candidate IT neural space.

To construct models of individual neural responses we estimate a linear mapping from a non-linear
space produced by a model. This procedure is a standard GLM of individual neural responses.
Because IT responses are highly non-linear functions of the input image, successful models must


















