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Abstract. We present a tree-structured network architecture for large-
scale image classification. The trunk of the network contains convolu-
tional layers optimized over all classes. At a given depth, the trunk splits
into separate branches, each dedicated to discriminate a different subset
of classes. Each branch acts as an expert classifying a set of categories
that are difficult to tell apart, while the trunk provides common knowl-
edge to all experts in the form of shared features. The training of our
“network of experts” is completely end-to-end: the partition of categories
into disjoint subsets is learned simultaneously with the parameters of the
network trunk and the experts are trained jointly by minimizing a single
learning objective over all classes. The proposed structure can be built
from any existing convolutional neural network (CNN). We demonstrate
its generality by adapting 4 popular CNNs for image categorization into
the form of networks of experts. Our experiments on CIFAR100 and Ima-
geNet show that in every case our method yields a substantial improve-
ment in accuracy over the base CNN, and gives the best result achieved
so far on CIFAR100. Finally, the improvement in accuracy comes at little
additional cost: compared to the base network, the training time is only
moderately increased and the number of parameters is comparable or in
some cases even lower.

Keywords: Deep learning · Convolutional networks · Image
classification

1 Introduction

Our visual world encompasses tens of thousands of different categories. While
a layperson can recognize effectively most of these visual classes [4], discrimi-
nation of categories in specific domains requires expert knowledge that can be
acquired only through dedicated training. Examples include learning to iden-
tify mushrooms, authenticate art, diagnosing diseases from medical images. In a
sense, the visual system of a layperson is a very good generalist that can accu-
rately discriminate coarse categories but lacks the specialist eye to differentiate
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fine categories that look alike. Becoming an expert in any of the aforementioned
domains involves time-consuming practical training aimed at specializing our
visual system to recognize the subtle features that differentiate the given classes.

Inspired by this analogy, we propose a novel scheme that decomposes large-
scale image categorization into two separate tasks: (1) the learning of a generalist
optimized to discriminate coarse groupings of classes, i.e., disjoint subsets of
categories which we refer to as “specialties” and (2) the training of experts that
learn specialized features aimed at accurate recognition of classes within each
specialty. Rather than relying on a hand-designed partition of the set of classes,
we propose to learn the specialties for a substantial improvement in accuracy (see
Fig. 2). Our scheme simultaneously learns the specialties and the generalist that
is optimized to recognize these specialties. We frame this as a joint minimization
of a loss function E(θG, �) over the parameters θG of the generalist and a labeling
function � that maps each original category to a specialty. In a second training
stage, for each specialty, an expert is trained to classify the categories within
that specialty.

Fig. 1. Our Network of Experts (NofE). Top: Training of the generalist. The general-
ist is a traditional CNN but it is optimized to partition the original set of C classes into
K << C disjoint subsets, called specialties. Our method performs joint learning of the
K specialties and the generalist CNN that is optimized to recognize these specialties.
Bottom: The complete NofE with K expert branches. The convolutional layers of the
generalist are used as initialization for the trunk, which ties into K separate branches,
each responsible to discriminate the classes within a specialty. The complete model is
trained end-to-end via backpropagation with respect to the original C classes.

Although our learning scheme involves two distinct training stages – the first
aimed at learning the generalist and the specialties, the second focused on train-
ing the experts – the final product is a unified model performing multi-class clas-
sification over the original classes, which we call “Network of Experts” (NofE).
The training procedure is illustrated in Fig. 1. The generalist is implemented in
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the form of a convolutional neural network (CNN) with a final softmax layer
over K specialties, where K << C, with C denoting the original number of cat-
egories (Fig. 1(top)). After this first training stage, the fully connected layers are
discarded and K distinct branches are attached to the last convolutional layer of
the generalist, i.e., one branch per specialty. Each branch is associated to a spe-
cialty and is devoted to recognize the classes within the specialty. This gives rise
to the NofE architecture, a unified tree-structured network (Fig. 1(bottom)).
Finally, all layers of the resulting model are fine-tuned with respect to the orig-
inal C categories by means of a global softmax layer that calibrates the outputs
of the individual experts over the C categories.

Thus, the learning of our generalist serves two fundamental purposes:
(1) First, using a divide and conquer strategy it decomposes the original multi-
class classification problem over C labels into K subproblems, one for each spe-
cialty. The specialties are defined so that the act of classifying an image into
its correct specialty is as accurate as possible. At the same time this implies
that confusable classes are pushed into the same specialty, thus handing off the
most challenging class-discrimination cases to the individual experts. However,
because each expert is responsible for classification only over a subset of classes
that are highly similar to each other, it can learn highly specialized and effective
features for the subproblem, analogously to a human expert identifying mush-
rooms by leveraging features that are highly domain-specific (cap shape, stem
type, spore color, flesh texture, etc.).

(2) Second, the convolutional layers learned by the generalist provide an initial
knowledge-base for all experts in the form of shared features. In our experiments
we demonstrate that fine-tuning the trunk from this initial configuration results
in a significant improvement over learning the network of experts from scratch
or even learning from a set of convolutional layers optimized over the entire
set of C labels. Thus, the subproblem decomposition does not merely simplify
the original hard classification problem but it also produces a set of pretrained
features that lead to better finetuning results.

We note that we test our approach on image categorization problems involv-
ing a large number of classes, such as ImageNet classification, where the classifier
must have the ability to recognize coarse categories (“vehicle”) but must also dis-
tinguish highly confusable specialty classes (e.g., “English pointer” from “Irish
setter”). These scenarios match well the structure of our model, which combines
a generalist with a collection of experts. We do not assess our approach on a fine-
grained categorization benchmark as this typically involves classification focused
only on one domain (say, bird species) and thus does not require the generalist
and multiple specialists learned by our model.

2 Related Work

Our work falls in the category of CNN models for image classification. This
genre has witnessed dramatic growth since the introduction of the “AlexNet”
network [23]. In the last few years further recognition improvements have been
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achieved thanks to advances in CNN components [11,13,15,28] and training
strategies [9,16,18,24,25]. Our approach instead achieves gains in recognition
accuracy by means of an architectural alteration that involves adapting exist-
ing CNNs into a tree-structure. Thus, our work relates to prior studies of how
changes in the network structure affect performance [14,21].

Our adaptation of base CNN models into networks of experts hinges on a
method that groups the original classes into specialties, representing subsets of
confusable categories. Thus, our approach relates closely to methods that learn
hierarchies of categories. This problem has received ample study, particularly for
the purpose of speeding up multi-class classification in problems involving large
number of categories [2,8,10,12,27,29]. Hierarchies of classes have also been used
to infer class abstraction [19], to trade off concept specificity versus accuracy [8,
31], to allow rare objects to borrow statistical strength from related but more
frequent objects [32,36], and also for unsupervised discovery of objects [34].

Our proposed work is most closely related to methods that learn groupings
of categories in order to train expert CNNs that specialize in different visual
domains. Hinton et al. [17] introduced an ensemble network composed of one
or more full models and many specialist models which learn to distinguish fine-
grained classes that the full models confuse. Similarly, Warde-Farley et al. [37]
augment a very large CNN trained over all categories via auxilliary hidden layer
pathways that connect to specialists trained on subsets of classes. Yan et al. [38]
presented a hierarchical deep CNN (HD-CNN) that consists of a coarse com-
ponent trained over all classes as well as a set of fine components trained over
subsets of classes. The coarse and the fine components share low-level features
and their predictions are late-fused via weighted probabilistic averaging. While
our approach is similar in spirit to these three expert-systems, it differs substan-
tially in terms of architecture and it addresses some of their shortcomings:

1. In [17,37,38] the experts are learned only after having trained a large-capacity
CNN over the original multi-class classification problem. The training of our
approach does not require the expensive training of the base CNN model over
all C classes. Instead it directly learns a generalist that discriminates a much
smaller number of specialties (K << C). The experts are then trained as
categorizers within each specialty. By using this simple divide and conquer
the training cost remains manageable and the overall number of parameters
can be even lower than that of the base model (see Table 5).

2. The architectures in [17,38] route the input image to only a subset of experts,
those deemed more competent in its categorization. A routing mistake cannot
be corrected. To minimize this error, redundancy between experts must be
built by using overlapping specialties (i.e., specialties sharing classes) thus
increasing the number of classes that each expert must recognize. Instead,
in our approach the specialties are disjoint and thus more specific. Yet, our
method does not suffer from routing errors as all experts are invoked in par-
allel for each input image.

3. Although our training procedure involves two distinct stages, the final phase
performs fine-tuning of the complete network of experts using a single
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objective over the original C categories. While fine-tuning is in principle pos-
sible for both [17,37], in practice this was not done because of the large
computational cost of training and the large number of parameters.

3 Technical Approach

In this section we present the details of our technical approach. We begin by
introducing the notation and the training setup.

Let D = {(x1, y1), . . . , (xN , yN )} be a training set of N class-labeled images
where xi ∈ R

r×c×3 represents the i-th image (consisting of r rows, c columns
and 3 color channels) and yi ∈ Y ≡ {1, 2, . . . , C} denotes its associated class
label (C denotes the total number of classes).

Furthermore, we assume we are given a CNN architecture bθB : Rr×c×3 −→ Y
parameterized by weights θB that can be optimized to categorize images into
classes Y . We refer to this CNN model as the base architecture, since we will
use this architecture to build our network of experts resulting in a classifier
eθE : Rr×c×3 −→ Y . In our empirical evaluation we will experiment with different
choices of base classifiers [14,23,33]. Here we abstract away the specificity of
individual base classifiers by assuming that bθB consists of a CNN with a certain
number of convolutional layers followed by one or more fully connected layers
and a final softmax layer that defines a posterior distribution over classes in Y.
Finally, we assume that the parameters of the base classifier can be learned by
optimizing an objective function of the form:

Eb(θ;D) = R(θ) +
1
N

N∑

i=1

L(θ;xi, yi) (1)

where R is a regularization term aimed at preventing overfitting (e.g., weight
decay) and L is a loss function penalizing misclassification (e.g., the cross entropy
loss). As D is typically large, it is common to optimize this objective using back-
propagation over mini-batches, i.e., by considering at each iteration a random
subset of examples S ⊂ D and then minimizing Eb(θ;S).

In the following subsections we describe how to adapt the architecture of
the base classifier bθB and the objective function Eb in order to learn a network
of experts. Note that our approach does not require learning (i.e., optimizing)
the parameters of the base classifier (i.e., optimizing parameters θB). Instead
it simply needs a base CNN architecture (with uninstantiated weights) and a
learning objective. We decompose the training into two stages: the learning of
the generalist (described in Subsect. 3.1) and the subsequent training of the
complete network of experts (presented in Subsect. 3.2), which uses the generalist
as initialization for the trunk and the definition of the specialties.

3.1 Learning the Generalist

The goal of this first stage of training is to learn groupings of classes, which we
call specialties. Intuitively, we want each specialty to represent a subset of classes
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that are highly confusable (such as different mushrooms) and that, as such,
require the specialized analysis of an expert. Formally, the specialties represent a
partition of the set Y . In other words, the specialties are K << C disjoint subsets
of classes whose union gives Y and where K represents a hyperparameter defining
the number of experts and thus the complexity of the system. We can cast the
definition of the specialties as the problem of learning a label mapping � : Y −→
Z, where Z = {1, 2, . . . ,K} is the set of specialty labels. Conceptually we want
to define � such that we can train a generalist gθG : Rr×c×3 −→ Z that correctly
classifies image xi into its associated specialty, i.e., such that g(xi; θG) = �(yi).
We formulate this task as a joint optimization over the parameters θG of the
generalist and the mapping � so as to produce the best possible recognition
accuracy over the specialty labels by considering the objective

Eg(θG, �;D) = R(θ) +
1
N

N∑

i=1

L(θ;xi, �(yi)). (2)

Note that this is the same objective as in Eq. 1, except that the labels of the
examples are now defined in terms of the mapping �, which is itself unknown.
Thus we can now view this learning objective as a function over unknown para-
meters θG, �. The architecture of the generalist is the same as that of the base
model except for the use of a softmax over Z instead of Y and for the dimen-
sionality of the last fully connected layer, which also needs to change in order to
match the number of specialties, K.

We optimize this objective via a simple alternation scheme that iterates
between the following two steps:

1. Optimizing parameters θG while keeping specialty labels � fixed.
2. Updating specialty labels � given the current estimate of weights θG.

First, we initialize the mapping � by randomly partitioning Y into K subsets,
each containing C/K classes (in all our experiments we use values of K that are
factors of C so that we can produce a set of K perfectly-balanced specialties).
Given this initial set of specialty labels, the first step of the alternation scheme
is implemented by running several iterations of stochastic gradient descent.

The second step of our alternation requires optimizing with respect to �
given the current estimate of parameters θG. For this purpose, we evaluate the
generalist defined by the current parameters θG over a random subset S ⊂ D
of the training data. For this set we build the confusion matrix M ∈ R

C×K ,
where Mij is the fraction of examples of class label i that are classified into
specialty j by the current generalist. Then, a greedy strategy would be to set
�(i) = arg maxj∈{1,...,K} Mij for each class i ∈ {1, . . . , C} so that each class
is assigned to the specialty that recognizes the maximum number of images of
that class. Another solution is to perform spectral clustering over the confusion
matrix, as done in [3,17,38]. However, we found that both of these solutions
yield highly imbalanced specialty clusters, where a few specialties absorb nearly
all classes, making the problem of classification within these large specialties
almost as hard as the original, as confirmed in our experiments. To address this
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problem we tried two different schemes that either constrain or softly encourage
the specialties to have an equal number of classes, as discussed next.

– The first scheme, which we refer to as fully-balanced forces the specialties
to have equal size. Initially the specialties are set to be empty and they are
then grown by considering the classes in Y one at a time, in random order.
For each class i ∈ Y, we assign the specialty j that has the highest value Mi,j

among the specialties that have not yet reached maximum size C/K. The
randomization in the visiting order of classes guarantees that, over multiple
label updates, no class is favored over the others.

– Unlike the previous scheme which produces perfectly balanced specialties,
elasso is a method that allows us to encourage softly the constraint over
the size of specialties. This may be desirable in scenarios where certain spe-
cialties should be allowed to include more classes than others. The procedure
is adapted from the algorithm of Chang et al. [5]. To define the specialties for
this method we use a clustering indicator matrix F ∈ {0, 1}C×K where each
row of F has one entry only set to 1, denoting the specialty assigned to the
class. Let us indicate with Ind(C,K) the set of all clustering indicator matri-
ces of size C × K that satisfy this constraint. In order to create specialties
that are simultaneously easy to classify and balanced in size, we compute F
by minimizing the objective

min
F∈Ind(C,K)

λ||F ||e − ||M � F ||1,1 (3)

where ||F ||e =
√∑

j (
∑

i Fij)
2 is the so-called exclusive lasso norm [5,39], �

denotes the element-wise product between matrices, ||A||1,1 =
∑

i

∑
j |Aij | is

the L1,1-norm, and λ is a hyperparameter trading off the importance between
having balanced specialties and good categorization accuracy over them. Note
that the first term captures the balance degree of the specialties: for each j,
it computes the squared-number of classes assigned to specialty j and then
sums these squared-numbers over all specialties. Thus, ||F ||e uses an L1-norm
to compute the number of classes assigned to each specialty, and then an
L2-norm to calculate the average size of the specialty. The L2-norm strongly
favors label assignments that generate specialties of roughly similar size. The
second term, ||M�F ||1,1 =

∑
j

∑
i MijFij , calculates the accuracy of specialty

classification. As we want to make specialty classification accuracy as high
as possible, we subtract this term from the exclusive lasso norm to define a
minimization objective. As in [5], we update one row of F at a time. Starting
from an initial F corresponding to the current label mapping �, we loop over
the rows of F in random order and for each row we find the element being 1
that yields the minimum of Eq. 3. This procedure is repeated until convergence
(see [5] for a proof of guaranteed convergence).

3.2 Training the Network of Experts

Given the generalist θG and the class-to-specialty mapping � produced by the
first stage of training, we perform joint learning of the K experts in order to
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obtain a global multi-class classification model over the original categories in
the label set Y. As illustrated in Fig. 1, this is achieved by defining a tree-
structured network consisting of a single trunk feeding K branches, one branch
for each specialty. The trunk is initialized with the convolutional layers of the
generalist, as they have been optimized to yield accurate specialty classification.
Each branch contains one or more convolutional layers followed by a number of
fully-connected layers (in our experiments we set the expert to have as many
fully connected layers as the base model). However, each branch is responsible
for discriminating only the classes associated to its specialty. Thus, the number
of output units of the last fully-connected layer is equal to the number of classes
in the specialty (this is exactly equal to C/K for fully-balanced, while it
varies for individual specialties in elasso). The final fully-connected layer of
each branch is fed into a global softmax layer defined over the entire set of C
labels in the set Y. This softmax layer does not contain weights. Its purpose
is merely to normalize the outputs of the K experts to define a proper class
posterior distribution over Y.

The parameters of the resulting architecture are optimized via backpropaga-
tion with respect to the training set D and labels in Y using the regularization
term R and loss function L of the base model. This implies that for each example
xi both forward and backward propagation will run in all K branches, irrespec-
tive of the ground truth specialty �(yi) of the example. The backward pass from
the ground-truth branch will aim at increasing the output value of the correct
class yi, while the backward pass from the other K − 1 branches will update the
weights to lower the probabilities of their classes. Because of this joint training
the outputs of the experts will be automatically calibrated to define a proper
probability distribution over Y. While the weights in the branches are randomly
initialized, the convolutional layers in the trunk are initially set to the parame-
ters computed by the generalist. Thus, this final learning stage can be viewed
as performing fine-tuning of the generalist parameters for the classes in Y using
the network of experts.

Given the learned NofE, inference is done via forward propagation through
the trunk and all K branches so as to produce a full distribution over Y.

4 Experiments

We performed experiments on two different datasets: CIFAR100 [22], which is a
medium size dataset, and the large-scale ImageNet benchmark [7].

4.1 Model Analysis on CIFAR100

The advantage of CIFAR100 is that its medium size allows us to carry out a com-
prehensive study of many different design choices and architectures, which would
not be feasible to perform on the large-scale ImageNet benchmark. CIFAR100
consists of color images of size 32x32 categorized into 100 classes. The training
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set contains 50,000 examples (500 per class) while the test set consists of 10,000
images (100 per class).

Our first set of studies are performed using as base model bθB a CNN inspired
by the popular AlexNet model [23]. It differs from AlexNet in that it uses 3 con-
volutional layers (instead of 5) and 1 fully connected layer (instead of 3) to work
on the smaller-scale CIFAR100 dataset. We call this smaller network AlexNet-
C100. The full specifications of the architecture are given in the supplementary
material, including details about the learning policy.

Our generalist is identical to this architecture with the only difference being
that we set the number of units in the FC and SM layers to K, the number of
specialties. The training is done from scratch. The learning alternates between
updating network parameters θG and specialty labels �. The specialty labels are
updated every 1 epoch of backpropagation over θG. We use a random subset S
of 10,000 images to build the confusion matrix. In the supplementary material
we show some of the specialties learned by our generalist. Most specialties define
intuitive clusters of classes, such as categories that are semantically or visually
similar to each other (e.g., dolphin, seal, shark, turtle, whale).

Once the generalist is learned, we remove its FC layer and connect K
branches, each consisting of: [CONV:1×64×5],[FC:c] where [CONV: 1×64×5]

denotes 1 convolutional layer containing 64 filters of size 5 × 5, [FC:c] is a fully con-

nected layer with c output units corresponding to the classes in the specialty (note that

c may vary from specialty to specialty). We link the K FC layers of the branches
to a global softmax over all C classes (without parameters). The weights of each
branch are randomly initialized. The full NofE is trained via backpropagation
using the same learning rate policy as for the base model.

Number of Experts and Specialty Balance. The degree of specialization
of the experts in our model is controlled by parameter K. Here we study how
the value of this hyperapameter affects the final accuracy of the network. Fur-
thermore, we also assess the importance of balancing the size of the specialties
in connection with the value of K, since these two factors are interdependent.
The method fully-balanced (introduced in Sect. 3.1) constrains all specialties
to have equal size (C/K), while elasso encourages softly the constraint over
the size of specialties. The behavior of elasso is defined by hyperparameter λ
which trades off the importance between having balanced specialties and good
categorization accuracy over them.

Table 1 summarizes the recognition performance of our NofE for different
values of K and the two ways of balancing specialty sizes. For elasso we report
accuracy using λ = 1000, which was the best value according to our evaluation.
We can immediately see that the two balancing methods produce similar recog-
nition performance, with fully-balanced being slightly better than elasso.
Perhaps surprisingly, elasso, which gives the freedom of learning specialties of
unequal size, is overall slightly worse than fully-balanced. From this table we
can also evince that our network of experts is fairly robust to the choice of K. As
K is increased the accuracy of each balancing method produces an approximate
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“inverted U” curve with the lowest performance at the two ends (K = 2 and
K = 50) and the best accuracy for K = 5 or K = 10. Finally, note that all instan-
tiations of our network of experts in this table achieve higher accuracy than the
“flat” base model, with the exception of the models using K = 2 experts which
provide performance comparable to the baseline. Our best model (K = 10 using
fully-balanced) yields a substantial improvement over the base model (56.2%
versus 54.0%) corresponding to a relative gain in accuracy of about 4%.

Based on the results of Table 1, all our subsequent studies are based on a
NofE architecture using K = 10 experts and fully-balanced for balancing.

Table 1. Top-1 accuracy (%) on CIFAR100 for the base model (AlexNet-C100) and
Network of Experts (NofE) using varying number of experts (K) and two different
specialty balancing methods. The best NofE outperforms the base model by 2.2 % and
all NofE using K > 2 experts yield better accuracy than the flat architecture.

Model Balancing method K = 2 K = 5 K = 10 K = 20 K = 50

NofE fully-balanced 53.3 55.0 56.2 55.7 55.3

elasso λ=1000 53.9 53.6 55.6 55.3 55.3

Base: AlexNet-C100 n/a 54.0

Defining Specialties with Other Schemes. Here we are study how the
definition of specialties affects the final performance of the NofE. Prior work [17,
37,38] has proposed to learn groupings of classes by first training a CNN over all
C classes and then performing spectral clustering [30] of the confusion matrix.
We tried this procedure by building the confusion matrix using the predictions of
the base model (AlexNet-C100) over the entire CIFAR100 training set. We then
partitioned the C = 100 classes into K = 10 clusters using spectral clustering.
We learned a generalist optimized to categorize these K clusters (without any
update of the specialty labels) and then a complete NofE. The performance
of the resulting NofE is illustrated in the second row of Table 2. The accuracy
is considerably lower than when learning specialties with our approach (first
row). The third row shows accuracy achieved when training the generalist and
subsequently the full NofE on a random partitioning of the classes into K = 10
clusters of equal size. The performance is again inferior to that achieved with our
approach. Yet, surprisingly it is better than the accuracy produced by spectral
clustering. We believe that this happens because spectral clustering yields highly
imbalanced clusters that lead to poor performance of the NofE.

Varying the Base CNN. The experiments above were based on AlexNet-C100
as the base model. Here we study the generality of our approach by considering
4 other base CNNs (see supplementary material for architecture details):
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Table 2. CIFAR100 top-1 accuracy
of NofE models trained on different
definitions of specialties: ours, spectral
clusters of classes and random special-
ties of equal size.

Specialty method Accuracy %

Our method (joint training) 56.2

Spectral clustering 53.2

Random balanced specialties 53.7

Table 3. CIFAR100 top-1 accuracy
(%) for 5 different CNN base architec-
tures and corresponding NofE mod-
els. In each of the five cases our NofE
yields improved performance.

Architecture Base model NofE

AlexNet-C100 54.04 56.24

AlexNet-Quick-C100 37.94 45.58

VGG11-C100 68.48 69.27

NIN-C100 64.73 67.96

ResNet56-C100 73.52 76.24

(1) AlexNet-Quick-C100. This base model is a slightly modified version of
AlexNet-C100 where we added an extra FC layer (with 64 output units) before
the existing FC layer and removed local response normalization. This leads to
much faster convergence but lower accuracy compared to AlexNet-C100. After
training the generalist, we discard the two FC layers and attach K branches,
each with the following architecture: [CONV:1×64×5], [FC:64],[FC:10].

(2) VGG11-C100. This model is inspired by the VGG11 architecture described
in [33] but it is a reduced version to work on the smaller-scale CIFAR100. We
take this model from [20]. In the expert branch we use 2 convolutional layers
and 3 FC layers to match the number of FC layers in the base model but we
scale down the number of units to account for the multiple branches. The branch
architecture is: [CONV:2×256×3],[FC:512],[FC:512],[FC:10].

(3) NIN-C100. This is a “Network-In-Network” architecture [26] that was used
in [38] as base model to train the hierarchical HD-CNN network on CIFAR100.

(4) ResNet56-C100. This is a residual learning network [14] of depth 56 using
residual blocks of 2 convolutional layers. We modeled it after the ResNet-56 that
the authors trained on CIFAR10. To account for the 10X number of classes in
CIFAR100 we quadruple the number of filters in each convolutional layer. To
maintain the architecture homogenous, each expert branch consists of a residual
block (rather than a CONV layer) followed by average pooling and an FC layer.

These 4 NofE models were trained using K = 10 and fully-balanced. The
complete results for these 4 base models and their derived NofE are given in
Table 3 (for completeness we also include results for the base model AlexNet-
C100, previously considered). In every case, our NofE achieves higher accuracy
than the corresponding base model. In the case of AlexNet-Quick-C100, the
relative improvement is a remarkable 20.1%. NIN-C100 was used in [38] as base
model to train the hierarchical HD-CNN. The best HD-CNN network from [38]
gives 67.38%, whereas we achieve 67.96%. Furthermore, our NofE is twice as
fast at inference (0.0071 vs 0.0147 secs) and it has about half the number of
parameters (4.7M vs 9.2M). Finally, according to the online listing of top results
on CIFAR100 [1] at the time of this submission, the accuracy of 76.24% obtained
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Table 4. We add layers to the base models in order to match the number of parameters
of our NofE models (the last column reports results with base networks having both
the same depth and the same number of parameters as our models). The table reports
accuracy (%) on CIFAR100. This study suggests that the accuracy gain of our NofE
does not derive from an increase in depth or number of parameters, but rather from
the specialization performed by branches trained on different subsets of classes.

Architecture Original base
model

NofE Modified base model
matching NofE #
params

Modified base model
matching NofE #
params AND depth

AlexNet-C100 54.04 56.24 30.75 50.21

VGG11-C100 68.48 69.27 68.68 68.21

ResNet56-C100 73.52 76.24 73.50 73.88

by our NofE built from ResNet56-C100 is the best result ever achieved on
this benchmark (the best published accuracy is 72.60% [35] and the best result
considering also unpublished work is 75.72% [6]).

Depth and # Parameters vs. Specialization. Our NofE differs from the
base model in total depth (i.e., number of nonlinearities to compute the output)
as well as in number of parameters, because of the additional layers (or residual
blocks) in the branches. Here we demonstrate that the improvement does not
come from the increased depth or the different number of parameters, but rather
from the novel architecture and the procedure to train the experts. To show this,
we modify the base networks to match the number of parameters of our NofE
models. We consider two ways of modifying the base models. In the first case,
we add to the original base network K = 10 times the number of convolutional
layers (or residual blocks) contained in one branch of our NofE (since we have
K = 10 branches, each with its own parameters). This produces base networks
matching the number of parameters of our NofE models but being deeper.
The other solution is to add to the base model a number of layers (or residual
blocks) equal to the number of such layers in one branch of the NofE, but to
increase the number of convolutional filters in each layer to match the number of
parameters. This yields modified base networks matching both the total depth
and the number of parameters of our models. Table 4 reports the results for 3
distinct base models. The results show unequivocally that our NofE models
outperform base networks of equal learning capacity, even those having same
depth.

Finetuning NofE from Generalist vs. Learning from Scratch. Here
we want to show that in addition to defining good specialties, the learning of
the generalist provides a beneficial pretraining of the trunk of our NofE. To
demonstrate this, we trained NofE models from scratch (i.e., random weights)
using the specialties learned by the generalist. This training setup yields an
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accuracy of 49.53% when using AlexNet-C100 as base model and 73.95% when
using ResNet56-C100. Note that learning the NofE models from the pretrained
generalist yields much better results: 56.2% for AlexNet-C100 and 76.24% for
ResNet56-C100. This suggests that the pretraining of the trunk with the gener-
alist is crucial.

4.2 Categorization on ImageNet

In this subsection we evaluate our approach on the ImageNet 2012 classification
dataset [7], which includes images of 1000 object categories. The training set
consists of 1.28M photos, while the validation set contains 50 K images. We
train on the training set and use the validation set to assess performance.

Our base model here is the Caffe [20] implementation of AlexNet [23]. It
contains 8 learned layers, 5 convolutional and 3 fully connected. As usual, we
first train the generalist by simply changing the number of output units in the
last FC layer to K, using our joint learning over network weights and specialty
labels. We experimented with two variants: one generalist using K = 10 experts,
and one with K = 40. Both were trained using fully-balanced for specialty
balancing. The complete NofE is obtained from the generalist by removing the
3 FC layers and by connecting the last CONV layer to K branches, each with
architecture: [CONV:1×256×3],[FC:1024],[FC:1024],[FC:100]. Note that while the
base model (and the generalist) use layers of dimensionality 4096 for the first
two FC layers, the expert branches use 1024 units in these layers to account for
the fact that we have K = 10 parallel branches.

We also tested two other ways to define specialties: (1) spectral clustering on
the confusion matrix of the base model (on the validation set) and (2) Word-
Net clustering. The WordNet specialties are obtained by “slicing” the WordNet
hierarchy at a depth that intersects K = 10 branches of this semantic tree and
then aggregating the ImageNet classes of each branch into a different specialty.
We also trained a generalist on a random balanced partition of the 1000 classes.
Figure 2 shows the classification accuracy of the generalist for these different
ways of defining specialties. The accuracy is assessed on the validation set and
measures how accurately the generalist recognizes the K = 10 specialties as
a function of training epochs. We can see that while the CNN trained on the
fixed spectral clusters does best in the initial iterations, our generalist (with spe-
cialty labels updated every fifth of an epoch) eventually catches up and matches
the performance of the spectral generalist. The generalist trained on WordNet
clusters and the one trained on random specialties do much worse.

We then built NofE models from the spectral generalist and our own gen-
eralist (we did not train NofE models from the random or WordNet generalists
due to their poor performance). Table 5 shows the accuracy of all these mod-
els on the validation set. For each we report top-1 accuracy (averaging over 10
crops per image, taken from the 4 corners and the center, plus mirroring of all
of them). We also include results for our approach using K = 40 experts. It
can be seen that our NofE with K = 10 experts outperforms the base model,
yielding a relative improvement of 4.4%. Instead, the NofE trained on spectral
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Fig. 2. Generalist accuracy for different def-
initions of specialties (ours, spectral clusters,
random specialties and WordNet clusters). The
accuracy is assessed on the validation set for
varying training iterations of the generalist.

Table 5. Top-1 accuracy on the Ima-
geNet validation set using AlexNet
and our NofE.

Approach Top-1% # params

Base:

AlexNet-Caffe

58.71 60.9M

NofE, K=10

fully-balanced

61.29 40.4M

NofE, K=40

fully-balanced

60.85 151.4M

NofE, K=10

spectral

clustering

56.10 40.4M

clusters does worse than the base model, despite the good accuracy of the spec-
tral generalist as noted in Fig. 2. We believe that this happens because of the
large imbalance of the spectral specialties, which cause certain experts to have
classification problems with many more classes than others. Our NofE with
K = 40 experts does worse than the one with K = 10 experts, possibly because
of excessive specialization of the experts or overfitting (see number of parameters
in last column). Note that our NofE with K = 10 experts has actually fewer
parameters than the base model and yet it outperforms it by a good margin.
This indicates that the improvement comes from the structure of our network
and the specialization of the experts rather than by larger learning capacity.

In terms of training time, the base model required 7 days on a single NVIDIA
K40 GPU. The NofE with K = 10 experts took about 12 days on the same
hardware (2 days for the generalist and 10 days for the training of the full model).
On CIFAR100 the ratio of the training time between NofE and base models
was about 1.5X (0.5X for the generalist, 1X for the full model). Thus, there is
an added computational cost in training our architecture but it is fractional.

Finally, we also evaluated the base model and our NofE of K = 10 experts
on the 100 K test images of ImageNet, using the test server. The base model
achieves a top-1 accuracy of 58.83% while our NofE yields a recognition rate of
61.48%, thus confirming the improvements seen so far also on this benchmark.

5 Conclusions

In this paper we presented a novel approach that decomposes large multi-class
classification into the problem of learning (1) a generalist network distinguish-
ing coarse groupings of classes, called specialties, and (2) a set of expert net-
works, each devoted to recognize the classes within a specialty. Crucially, our
approach learns the specialties and the generalist that recognizes them jointly.
Furthermore, our approach gives rise to a single tree-structured model that is
fine-tuned over the end-objective of recognizing the original set of classes. We
demonstrated the generality of our approach by adapting several popular CNNs
for image categorization into networks of experts. In each case this translated
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into an improvement in accuracy at very little added training cost. Software
implementing our method and several pretrained NofE models are available at
http://vlg.cs.dartmouth.edu/projects/nofe/.
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