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Abstract

Recent works have utilized massively parallel reporter assays (MPRAs) which combine high
throughput sequencing with extensive sequence variation in order to measure the regulatory
activity of sequences. However, these studies often rely on generating and assaying large
libraries of randomized sequences. In this work, we look to develop data efficient methods
for designing MPRAs by utilizing uncertainty estimates in an active learning setting. These
uncertainty estimates are then used to identify subsequent sequences of interest to test and label.
We evaluate our methods in an alternative splicing prediction task and overall find that Gaussian
Process (GP) based methods outperform other baselines that utilize lower quality uncertainty
estimates. We also present a preliminary findings motivating the use of deep generative models
to produce synthetic candidate sequences to assay.

1 Introduction

Numerous recent works [Rosenberg et al., 2015, Bogard et al., 2019, Sample et al., 2018] have
utilized large libraries of randomized sequences in order to model biological behavior from sequence
data. MPRAs can assess thousands to millions of different sequences in a single experiment, and
thus are powerful yet potentially expensive tools. In order to design more data efficient techniques
for MPRAs, we explore an active learning procedure which utilizes uncertainty estimates to select
subsequent sequences to test.

Active learning is the study of using machine learning models to select actions or make queries that
influence the set of data they are trained on [Cohn et al., 1996]. This framework typically involves a
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closed loop process where a model is trained on a small initial set of data and then subsequently
used to identify a new data point (or points) from a potential pool of points to be labelled and added
to its training set. The acquisition of a new point is typically based on a specified function known as
an acquisition function.

In our work, we look to predict alternative RNA splicing behavior from DNA sequences using
convolutional neural networks (CNNs) and Gaussian processes (GPs). We do so by utilizing Deep
Kernel Learning (DKL) [Wilson et al., 2016] based models, which combine the useful learned
representations and inductive biases of CNNs with the principled uncertainty estimates of GPs. To
evaluate our models, we use the 5’ splicing library from Rosenberg et al. [2015] as well as the
active learning experiment setup from Nagpal and Knowles [2020]. Our results show that the GP
based models outperform non GP based methods and that quality uncertainty estimates are indeed
important to achieving good performance in an active learning setting.

Another approach of which we show promising preliminary results is the use of deep generative
models to produce synthetic candidate sequences that you can either assay if you have a wet lab or
run through an oracle model to quantify splicing outcomes and use as additional training data.

2 Methods

We use a baseline CNN model and experiment with different uncertainty estimation methods and
acquisition functions in order to identify the best combination for our task. Figure 1 shows a high
level depiction of our active learning experiment loop.

2.1 Uncertainty Estimation Methods

The base structure for our experiments is a CNN as they encode local translation invariance into
useful learned representations of data. They also have been shown to be effective for applications in
computational biology [Angermueller et al., 2016]. We follow the architecture from Nagpal and
Knowles [2020] which stacks a 1 dimensional convolutional layer along with a max pooling layer
as the basic unit. This basic unit is repeated twice and followed by two dense layers with rectified
linear unit (ReLU) activations. Dropout is used before each dense layer.

The baseline for uncertainty estimation we use is Monte Carlo Dropout (MC Dropout) [Gal and
Ghahramani, 2016] which is also used in Nagpal and Knowles [2020]. MC dropout reinterprets
typical dropout training of a neural network as approximate Bayesian inference of deep GPs with a
variational objective. Training the MC dropout version of the neural network is identical to training
the vanilla version, the only difference is at test time dropout is kept on and repeated forward passes
of the model with different dropout masks are interpreted as samples from the approximate posterior
predictive distribution. These samples are then used to compute the mean prediction, the variance
of predictions, and the covariance between predictions.
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Figure 1: High level diagram of active learning experiments. For each active learning iteration, a
model is trained from scratch on the training pool, evaluated on the test pool, and used to estimate
the uncertainties of predictions on the acquisition pool. A specified acquisition function utilizes the
uncertainties to choose a sequence to acquire, which is then removed from the acquisition pool and
added to the training pool.

However, MC dropout is still approximation and its uncertainty estimates have been shown to vary
in quality based on architecture and training procedures [Verdoja and Kyrki, 2020]. Recent work in
scaling Gaussian processes to larger datasets [Wilson and Nickisch, 2015] along with combining
neural networks with Gaussian processes [Wilson et al., 2016] have made it feasible to do exact
Bayesian inference with models that use neural networks to learn the inputs to a kernel for a Gaussian
process. These models combine the inductive biases and representation power of NNs with the
principled uncertainty estimates of Gaussian processes, this approach is known as deep kernel
learning (DKL) [Wilson et al., 2016]. Specifically in our work, we define our feature extractor to be
the baseline CNN model and utilize a structured kernel interpolation (SKI) [Wilson and Nickisch,
2015] framework with a radial based function (RBF) base kernel. This allows us to train the system
end to end with marginal likelihood, where inference and learning scale linearly with 𝑂 (𝑛) time
complexity for 𝑛 training points.

2.2 Acquisition Functions

The simplest acquisition function that we use is the random function, where the next point to acquire
is chosen randomly. Another acquisition function we experiment with is maximum variance, where
point acquired is one with greatest estimated variance in its prediction. The largest variance would
thus correspond to the largest uncertainty that the model has about the point. The final acquisition
function we use in our experiments is the expected improvement based function from Nagpal and
Knowles [2020]. Mathematically acquiring a point using this function can be represented as
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𝑥∗ = arg max
𝑥new∈𝑋pool

Tr
(
Cov𝑞 (𝑌samp, 𝑦̂new) Var𝑞 ( 𝑦̂new)−1 Cov𝑞 (𝑌samp, 𝑦̂new)⊤

)
(1)

where 𝑥∗ is the point to be acquired, 𝑋pool is the set of points contained in acquisition pool, Cov𝑞
is the covariance under our approximate posterior 𝑞(𝜃) with network parameters 𝜃, 𝑌samp are the
predictions corresponding to a sufficiently large random sample from the training and acquisition
pools, 𝑦̂new is the prediction corresponding the candidate sequence 𝑥new, and Var𝑞 is the variance
under our approximate posterior 𝑞(𝜃).

2.3 Deep Exploration Networks

For our deep generative modeling approach, we explore using a series of pretrained generative
models that are conditioned to generate synthetic sequences of a specific splicing isoform ratio,
get the exact isoform ratio from an oracle model, and then augment our real training data with the
generated sequences and their corresponding splicing isoform ratios.

The pretrained model that we’re using to generate those sequences are deep exploration networks
(DENs) [Linder et al., 2020]. The goal of DENs is to generate diverse sequences which maximize
some predicted biological fitness score, in the paper the authors apply them towards the engineering
alternative polyadenylation isoforms, differentially used splice sites, functional GFP (protein)
variants, and transcriptionally active gene enhancer regions. The pretrained models we use have a
predictor network that’s been trained on a augmented version of the Rosenberg et al. [2015] dataset
we’ve been using for our experiments.

The DEN architecture is based off of the deep convolutional generative adversarial networks
(DCGAN) architecture [Radford et al., 2016]. DENs consist of a trainable generator network is
trainable and a fixed pre-trained predictor network. The predictor network’s job is to guide to
generator network to maximize the fitness score from the loss (i.e. help the generator network
generate sequences that match a given target isoform, etc.). The generator network generates position
weight matrices that are then masked and templated so it can match whatever type of sequence
you’re looking to generate and sample from. The way the training procedure ensures diversity in the
distribution of generated sequences is by adding a contrastive loss term to minimize the similarity
between the generated sequences originating from two separate random seeds.

3 Experiments and Results

3.1 Data

For our experiments we use the 5’ splicing library from Rosenberg et al. [2015] with processed
data and preprocessing procedures from Nagpal and Knowles [2020]. DNA sequences with lengths
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of 101 nucleotides are one hot encoded as inputs. Within this library, two 25 nucleotide regions
of each sequence are randomized to be able to attribute differences in gene expression solely to
variations in these randomized regions. The labels in this case are the modified probabilities of
alternative splicing at one of two splice donor sites. The overall number of samples available is
265,137, with a heat map shown in Figure 2. Code for all data, experiments, and plots can be found
at https://github.com/tingtang2/active-learning-cnns-gps.

Figure 2: Heatmap of nucleotides within sequences in the library. 0 corresponds to A, 1 corresponds
to C, 2 corresponds to G, and 3 corresponds to T. Notice how we can clearly see the randomized
regions in purple.

3.2 Experiment setup and results

For our active learning experiments we follow the setup of Nagpal and Knowles [2020] where we
train a base CNN model and use different acquisition point strategies to minimize mean squared
error (MSE) on a held out test set. In addition to that set up, we experiment with the different
uncertainty estimation methods described in Section 2.1 when training the base CNN model. All
active learning experiment runs start with the same initial training set and as each new point is
acquired from the acquisition pool, the model is retrained from scratch. The number of acquired
points for each active learning experiment run is 600 and for each acquisition iteration, each model
was trained for 300 epochs. The hyperparameters from Nagpal and Knowles [2020] were used for
their models. All DKL based model results are based on training with noiseless targets, except for
those using noisy targets for comparison in Section 3.4

For our deep generative modeling approach, in order to benchmark the addition of synthetic generated
sequences for training, we used 3 different models. The first was the base CNN model which we
used during the active learning experiments. The second and third models we used were adapted
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from [Nair et al., 2019] which used a ResNet architecture and factorized convolutions, respectively.
Both models are adaptations of the original Basset model [Kelley et al., 2016]. These papers were
mainly concerned with predicting chromatin accessibility directly from sequence, but we’ve adapted
them to predicting alternative splicing outcomes. In terms of the generator networks we combined
the sequences and labels of 5 pretrained DENs targeting the following isoform ratios: 0, .25, .5, .75,
1. We then used the sequences and labels used as a form of training data augmentation for all of the
the above models.

3.3 Comparison between methods

The overall results of our experiments are shown in Figure 3, where results of each configuration is
the average across three random seeds.

Figure 3: Overall results of active learning experiments with random, maximum variance, and
expected improvement (EI) based acquisition functions, along with MC dropout and DKL based
uncertainty estimation methods.

From the results we can see that for both the maximum variance and the EI based acquisition
functions, using DKL in place of MC dropout improved performance on the active learning task.
The EI DKL version was able to mostly perform better than both random baselines, even for the last
100 acquired points, something the EI MC dropout version struggled to do. One interesting note is
that for the first 100 acquired points, the maximum variance versions of MC dropout and DKL both
seem to perform better than the EI versions.
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We can see similar trends when looking at the number of acquisition points required in order to
achieve a certain level of test MSE shown in Table 1. The DKL based models did better across all of
the MSE levels when compared to the MC dropout models.

Table 1: Number of acquisition points required in order to achieve the specified 5’ splicing test MSE
for each method and acquisition function.

Method Acquisition Function Test MSE
0.11 0.10 0.095 0.09

MC Dropout
Random 80 180 306 387
Max Variance 92 318 492 708
Expected Improvement 69 109 174 369

Deep Kernel Learning
Random 56 125 177 263
Max Variance 13 75 405 539
Expected Improvement 53 70 159 301

3.4 Analysis of Deep Kernel Learning methods

The deep kernel learning methods were implemented in GPyTorch [Gardner et al., 2018], which
allows for GPU acceleration of training and inference as well as different choices of methods for
formulating and implementing deep kernels and GPs. One choice popular choice is to use Lanczos
Variance Estimates (LOVE) [Pleiss et al., 2018] for faster computation of predictive variances and
covariances. We experimented with using exact computations of predictive variance and covariance
as well as using the LOVE method with the default maximum number of Lanczos iterations set to
100. The results are shown in Figure 4.

Figure 4: Comparison of LOVE vs. exact computations for GP predictive variances and covariances.

7



As we can see from the plot, the active learning runs using exact computations performed better
than the ones using LOVE, especially for the EI based acquisition function where estimation of the
predictive covariances are key. Interestingly, using LOVE with the EI based method resulted in large
fluctuations in MSE towards the latter half of acquired data points.

Another choice we can make is between noisy and noiseless predictions. Typically GP regression is
done with the assumption that the underlying distribution of targets is noisy, parameterized with a
Gaussian likelihood. However, in Garriga-Alonso et al. [2019], their methods for GP regression are
trained with noiseless targets. We experiment with both versions and present the results in Figure 5.

Figure 5: Comparison of noisy vs. noiseless predictions for DKL based models.

From the results we see that noisy and noiseless predictions for the maximum variance acquisition
function are practically identical, while noiseless predictions for the EI based acquisition function are
superior performance-wise. We hypothesize that this may be due to the flexibility of the underlying
neural network.

3.5 Deep Exploration Network Results

Each model configuration was trained and evaluated independently across 3 random seeds, reported
are the mean test metrics across the seeds. Across all models the augmentation does help a little
bit in both MSE and Pearson, notably the augmented CNN performs comparatively to the non
augmented ResNet and Deep Factorized model. Overall the improvements are pretty small though,
but show some promise for continuing to look at developing methods.
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Table 2: Test metrics across model configurations

Dataset Method MSE Pearson

5’ MPRA splicing

CNN 0.0386 0.856
Augmented CNN 0.0377 0.860
ResNet 0.0379 0.859
Augmented ResNet 0.0373 0.861
Deep Factorized Model 0.0376 0.860
Augmented Deep Factorized Model 0.0372 0.862

4 Discussion and Conclusion

Our experiments confirm that quality of uncertainty estimation is important for active learning. They
also present a way to use deep kernel learning based approaches for active learning and demonstrate
their effectiveness in this setting.

The next steps for the active learning approach would be to implement the GP CNN models from
Garriga-Alonso et al. [2019] for use in this experiment as well as to repeat these experiments across
other MPRA datasets from Bogard et al. [2019] and Sample et al. [2018].

For the generative model approach an obvious follow up would be to fine tune Fine-tuning the
pretrained DEN generator models and also incorporate some meta learning methods to better utilize
the synthetic data, in particular conditional neural processes [Garnelo et al., 2018].
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