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Abstract
In this paper we present a technique to train neural network models on small
amounts of data. Current methods for training neural networks on small amounts
of rich data typically rely on strategies such as fine-tuning a pre-trained neural
network or the use of domain-specific hand-engineered features. Here we take the
approach of treating network layers, or entire networks, as modules and combine
pre-trained modules with untrained modules, to learn the shift in distributions
between data sets. The central impact of using a modular approach comes from
adding new representations to a network, as opposed to replacing representations
via fine-tuning. Using this technique, we are able surpass results using standard
fine-tuning transfer learning approaches, and we are also able to significantly
increase performance over such approaches when using smaller amounts of data.
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Introduction

Training generalizable models using only a small amount of data has proved a significant challenge
in the field of machine learning since its inception. This is especially true when using artificial neural
networks, with millions or billions of parameters. Conventional wisdom gleaned from the surge in
popularity of neural network models indicates that extremely large quantities of data are required for
these models to be effectively trained. Indeed the work of Kriszhevsky (8) has commonly been cited
as only being possible through the development of ImageNet (16). As practitioners and researchers
continue to explore neural networks in more specialized domains, the volume of available labeled
data also narrows. Although training methods have improved, it is still difficult to train deep learning
models on small quantities of data, such as only tens or hundreds of examples.
The current paradigm for solving this problem has come through the use of pre-trained neural
networks. (1) were able to show that transfer of knowledge in networks could be achieved by first
training a neural network on a domain for which there is a large amount of data and then retraining
that network on a related but different domain via fine-tuning its weights. Though this approach
demonstrated promising results on small data, these models do not retain the ability to function as
previously trained. That is, these models end up fine tuning their weights to the new learning task,
forgetting many of the important features learned from the previous domain.
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In this paper we present our neuro-modular approach to fine-tuning. The first contribution is
demonstrating a novel topological approach to fine-tuning. We quantitatively compare traditional
fine-tuning with our modular approach, showing that our approach is more accurate on small amounts
of data (<100 examples per class). We also demonstrate how to improve classification in a number of
experiments, including CIFAR-100, text classification, and fine-grained image classification, all with
limited data.
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Related Work

Transferring knowledge from a source domain to a target domain is an important challenge in machine
learning research. Many shallow methods have been published, those that learn feature invariant
representations or by approximating a value without using an instance’s label (14; 19; 15; 24; 22; 3).
More recent deep transfer learning methods enable identification of variational factors in the data
and align them to disparate domain distributions (20; 9; 2; 21). Mesnil et al. (11) presents the
Unsupervised and Transfer Learning Challenge and discusses the important advances that are needed
for representation learning, and the importance of deep learning in transfer learning. Oquab et al.
(13) applied these techniques to mid-level image representations using CNNs. Specifically, they
showed that image representations learned in visual recognition tasks (ImageNet) can be transferred
to other visual recognition tasks (Pascal VOC) efficiently. Further study regarding the transferability
of features by (23) showed surprising results that features from distant tasks perform better than
random features and that difficulties arise when optimizing splitting networks between co-adapted
neurons. We build on these results by leveraging existing representations to transfer to target domains
without overwriting the pre-trained models through standard fine-tuning approaches.
The progressive network architecture of (17) shares a number of qualities with our work. Both
the results we present here and the progressive networks allow neural networks to extend their
knowledge without forgetting previous information. In addition, Montone et al. (12) discusses a
semi-modular approach. Montone et al. also froze the weights of the original network, although it
did not demonstrate success on the small data regime. Our approach provides the user with a novel
fine-tuning approach for learning on small data. Our modular approach detailed here allows small data
to adapt to different domains. Our architecture also complements existing network building strategies,
such as downloading pre-trained neural networks to then be fine-tuned for domain adaptation. The
modular approach presents a particular advantage when large volumes of training data for the base
network may not be available, i.e. when you can not retrain an entire network from scratch. Our
approach addresses a key need for large deep learning pre-trained models to be adapted to new tasks
using only small amounts of data.
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Results

Generically, modular neural networks are directed graphs of pre-trained networks linked together
with auxiliary, untrained networks. As depicted in Fig. 1a, only the new components of the resulting
network is trained. The architecture could take the form of simply placing two networks in parallel
(the two-towers approach), shown in Fig. 1a.
More formally, we can describe any neural network as a differentiable function G taking input x,
and parameterized by weight matrix θ, G(x; θ). In our modular architecture, we denote at least
one additional network G0 (x; θ0 ). It is crucial to note that the overall architecture of G0 need not
be identical to that of G, and this allows considerable flexibility for the resulting architecture to
learn complementary representations from each sub-network. Each of these networks, G and G0 are
treated as feature extractors, lacking classifier layers for making final predictions. Our final modular
architecture combines the output of the base network G and the modular network, G0 , via tensor
concatenation, which is then fed to a classifier layer for final predictions, as in Equation 1:

H = f G(x; θ) ⊕ G0 (x; θ0 ); θf .
(1)
0

∂G
Tuning H (and minimizing the resulting loss) can be broken down into error due to ∂G
∂θ , ∂θ 0 , and
∂f
∂θf . If the domain of the new data closely aligns with the original domain of the fully trained G,
0

∂G
then we may presume | ∂G
∂θ |  | ∂θ 0 |. Thus, for computational expedience, for our modular approach
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Figure 1: (a) An example module setup. By explicitly preserving the original representation learned
on pre-trained net, the module is able to learn more robust features using fewer examples than naive
fine-tuning. (b) Comparison of modular approach vs. fine-tuning based on amount of training data.
(c) Comparison of validation accuracy on the Stanford Cars data. Training on full data
we freeze θ and only tune θ0 and θf . This allows the network as a whole to retain the original
representational power of the pre-trained network.
This allows the modular approach to more robustly handle small data than naive fine-tuning. To
demonstrate this, we trained a network on CIFAR-10 data. The CIFAR-10 network was trained until
it was 88.9% accurate, using the network in (5) with 3 residual units, for a total of 28 layers. We then
compared two approaches. For the first approach, we simply fine tuned the CIFAR-10 network using
training data from the CIFAR-100 dataset and replacing the final softmax. Next, we froze the original
CIFAR-10 network and added an identical copy as a module, which would be trained on the same
batches of data as the first approach. That is, we have: Network 1 – fine-tuning the base network and
Network 2 – freezing the base network and fine-tuning a module. Network 1 and Network 2 have an
identical number of weights and those weights have the same starting value. These two approaches
are presented in eqs. 2 and 3 below.
ŷ = σ(G(x; θg + ∆θg0 ))
(2)
0
yˆ = σ(H(x))
(3)
where ŷ denotes predictions made from a fine-tuned network, ŷ 0 denotes predictions made from
our modular architecture, and σ(·) is the softmax function.3 G denotes the fine-tuned network with
pre-trained weights θg learned from CIFAR-10 and H denotes a modular network as in Eq. 1 above.
To train, we used the ADAM optimization algorithm (6)). We added an activation L2 regularization
of 1e−6 to the module to help break degeneracy. We used batches of 200, where each batch contained
two images per class. Each batch was iterated over five times, before the next batch was used.
This iteration allowed simulating multiple epochs over small data. We recorded the results of the
performance on the test set after each batch, in Fig. 1b.
We observe that for all amounts of training data, but particularly for small amounts of training data,
the modular approach outperforms traditional fine-tuning. Of course, we chose to make the module a
complete copy of the original CIFAR-10 network. This ensured we could compare with the same
number of weights, same initialization, same data, etc. Further research will certainly reveal more
compact module networks that outperform our example. We also tried retraining both the original
network and the module, to see if the improvement was due simply to the increased capacity, and
noted no improvement over training the module and freezing the original network. The module learns
additional filters that boost performance on the transfer task.
To explore modules on a more real-world relevant task, we applied this approach to an imagenettrained network (16). The Stanford Cars data set (7), which features 16,185 images of 196 classes
of cars, is an example of a data set for fine-grained categorization. Rather than train a classifier to
distinguish between fundamentally different objects like horses and planes, as required in the Large
Scale Visual Recognition Challenge (16)), fine-grained categorization requires the classifier to learn
subtle differences in variations of the same entity. For example, a classifier trained on the Stanford
Cars data set would have to learn distinguishing features between a BMW X6 SUV from 2012 and an
Isuzu Ascender SUV from 2008.
In these Stanford Cars experiments, both models utilize a transfer learning approach by leveraging
the feature extraction output layers from the VGG16 model (18). The “fine-tuned" model passes the
3

In this training setup, there is one softmax per category.
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Figure 2: (a) Network architecture used for Stanford Cars fine-tuned model. (b) ImageNet-based
network architecture used for Stanford Cars module model.
VGG16 features to a fully connected layer of length 512 followed by a softmax layer of length 196, as
seen in Fig. 2a. Gradient descent via RMSProp is used to train the dense layers (RMSProp performed
better than ADAM on this task). The “module" model merges the fixed VGG16 features with a
ResNet (4) model, whose output is then fed to two consecutive dense layers of length 256 and finally
a softmax layer of length 196. The module model architecture is shown in Fig. 2b. Again, RMSProp
is used to train ResNet and the dense layer weights after the two component models are merged,
however the VGG feature-extraction weights remain unchanged ensuring that this architecture fully
leverages the representational power of this sub-network.
As seen in Fig. 1c, after 50 epochs the module model appears to significantly outperform the finetuned model in validation accuracy. However, it should be noted that while the module model carries
19,537,990 trainable parameters the fine-tuned model only has 12,946,116 parameters. Thus, the
generic module approach does not require any specific number of additional parameters. Furthermore,
no hyperparameter optimization is performed on either model.
We further investigate the effects of our modular network approach by applying this method to a
different modeling problem - text classification. Similar to image data, text represents an unstructured
data-type that often exhibits long-term and interconnected dependencies that are difficult to model
with simpler classifiers. Whereas in the case of images neighboring pixels may represent semantically
related concepts or objects, in text words may exhibit long-term semantic or syntactic dependencies
that can be modeled sequentially. These characteristics make text classification particularly wellsuited to recurrent neural networks such as long short-term memory (LSTM) networks, but these
learning methods typically require a great deal of data to be learned efficiently and to avoid overfitting.
To test our methodology, we evaluate a modular recurrent network against two individual recurrent
neural networks, and an ensemble of these individual networks on the IMDB sentiment dataset.4
Previous work has shown deep learning methods to be effective at sentiment classification performance
on this dataset (10), however we add to this past work by presenting an analysis that demonstrates
the effectiveness of modular networks in the case of extremely small training sets. To this end, we
sample only 500 training examples from the original 25,000 available in the full training set, and
evaluate on the full 25,000 validation examples. We use the same 500 training examples for each
model evaluated in our experiments for consistency, and report accuracy for each model on the full
validation set.
We evaluate four models in our text-classification experiments, two individual LSTM networks, an
ensemble of these two LSTM networks, and a final model which is our modular recurrent network.
The first model consists of three layers - an initial layer that projects sequences of words into an
embedding space, a second LSTM layer with 32 units, and a final sigmoid layer for computing the
probability of the text belonging to the positive class. Our second model is identical to the first
except that we initialize the weights of the embedding layer using pre-trained GloVe word vectors.5
In particular, we use 100-dimensional vectors learned from a 2014 version of Wikipedia. We also
experimented with freezing the weights in the embedding layer of this second model, but found better
performance when allowing this layer to be tuned in each epoch of training. For our final baseline, we
ensemble the two individual models detailed above by training both networks in tandem on the same
training set, and fitting a logistic classifier layer on the prediction probabilities of the two component
networks.
To construct our modular network, we take the embedding and LSTM layers from our individual
networks, and concatenate the output of both LSTM layers into a single tensor layer in the middle of
4
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Figure 3: Diagram of architecture for our modular recurrent text classification network. Dimensionality for embedding layers and number of units for all other layers are given in boxes denoting those
layers.
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ACCURACY (%) 61.9
64.9
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Table 1: Accuracy results for text classification experiments, using only 500 training examples.
Results are shown for the baseline model (Base.), pre-trained (GloVe) model (Pretrain), ensembled
model (Ens.) and modular model (Module).

our modular network. Additionally, we modify the output of each of these component LSTM layers
by forcing each to output a weight matrix that tracks the state of the LSTM layer across all timesteps
throughout the dataset. In this way, we seek to fully leverage the sequential dependencies learned by
these layers, and this method outperforms the simpler alternative method of simply outputting the
final state of each of the LSTM layers. We then feed this concatenated layer to a gated recurrent unit
(GRU) layer with a sigmoid activation function for calculation of class probabilities. We experimented
with an LSTM and densely connected layers after the tensor concatenation layer, but found best
performance with the GRU. All models were optimized with the ADAM algorithm, and trained for
15 epochs. An outline of this architecture can be seen in Figure 3.
Here, we report results for our classification experiments with the three networks described above.
We see an accuracy of 61.9% for our first model which is trained entirely from the data without any
pre-training. This is significantly lower than previously reported results, however we are training on
only 2% of the available data to test our method’s application to small training sets. We see better
performance in terms of accuracy (64.9%) from our second model initialized with GloVe vectors.
This seems to indicate that despite being trained on more formally written language in Wikipedia,
these vectors can still boost performance on a task modeling text that is inherently subjective and
opinion-based. The ensemble of these two individual networks further boosts accuracy to 65.3%,
demonstrating that even simple combinations of these networks appears to aid model learning, despite
receiving very little training data. Finally, we see an accuracy of 69.6% from our modular network,
an increase of over 4% accuracy over the next best performing model. Because weight initializations
of recurrent networks can greatly affect model performance, we ran the classification experiments
with our modular network 10 times, and report the average accuracy across these 10 runs. As can be
seen here, our modular approach improves on the best performing individual network, suggesting that
this approach is useful for text classification even with very small amounts of training data. Further,
the fact that our modular approach improves over an ensemble of the individual networks suggests
that our modular architecture learns specific representations that are more advantageous than simply
leveraging multiple models via standard ensembling techniques.
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Conclusions

We have presented a neuro-modular approach to transfer learning. By mixing pre-trained neural
networks (that have fixed weights) with networks to be trained on the specific domain data, we are
able to learn the shift in distributions between data sets. As we have shown, often the new modules
learn features that complement the features previously learned in the pre-trained network. We have
shown that our approach out-performs traditional fine-tuning, particularly when the amount of training
data is small – only tens of examples per class. Although it has a certain amount of computational
complexity, its implementation simplicity and performance benefit over traditional fine-tuning more
than justify the cost in many applications.
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