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Basecalling with connectionist temporal classification

Under CTC, the output of the neural network defines a probability distribution over pos-
sible labelings of the input, a “labeling” in this case representing the DNA sequence that
passed through the pore. CTC uses a differentiable loss function calculated with dynamic
programming to calculate the probability of a given labeling. Using gradient descent, the
network is trained to maximize the probability of the correct sequence.

The final softmax layer of the neural network outputs y, a 5×T matrix that specifies the
probability of emitting each base plus a gap character at each step of the input. Let y(t, c)
be the probability of the character c ∈ G at time t, with G = L ∪ {ε}, where characters in
L = {A,C,G, T} represent bases passing through the pore and ε is a gap or blank character
representing no change in the pore. The neural network output can thus be interpreted as
a linear hidden Markov model [1], with the softmax probabilities corresponding to emission
probabilities in this HMM. The probability of a given path through this profile π ∈ GT is
just the product of the individual probabilities

P (π|y) =
T∏
t=1

y(πt, t)

Under this model, sequences longer than T have zero probability.
Each gapped path π can be mapped to an ungapped label sequence ` by a function

B : G∗ → L∗, which simply removes the gap characters. This is a simplifed version of the
path-to-label mapping used by the canonical CTC model [2]; unlike the original, our version
does not merge repeated label characters (so the path A-CCG--T would result in the label
ACCGT rather than ACGT ). For a given label sequence `, we want to find the probability that
` was emitted by y, P (`|y). The probability of a label sequence is the sum of probabilities
of all paths consistent with it, essentially marginalizing over all possible positions of gaps:

P (`|y) =
∑

π:B(π)=`

P (π|y)

This probability can be efficiently computed by dynamic programming with a Forward
algorithm[3]. We define the Forward probability of a label as α(t, s), the probability that
the first s characters of ` having been emitted by position t of the underlying HMM. The
core recursion is,

α(t, s) = y(t, `s)α(t− 1, s− 1) + y(t, ε)α(t− 1, s)

terminated by the base case α(0, 0) = 1. From this matrix we can easily read out the
probability of the full sequence, P (`|y) = α(T, |`|).

Decoding the basecaller output

For basecalling we want to find the best label, ˆ̀,

ˆ̀= argmax`P (`|y)

1



Borrowing HMM terminology, this task is referred to as decoding. While there is not an
efficient general algorithm for this optimization, various heuristic search algorithms can be
used to find high probability sequences. Here we focus on two approximate methods, finding
the (1) Viterbi best path, and (2) a beam search.

While finding the best label is intractable, a simpler approach is to instead find the single
best path:

π̂ = argmaxπP (π|y)

Thus, the Viterbi solution is `Viterbi = B(π̂). In our CTC model, this is equivalent to taking
the argmax of each output in the time series and removing the gaps.

An alternative heuristic search method is beam search, which has been used extensively
in the decoding of neural networks, including CTC models[4]. Beam search iterates through
the output y, keeping a fixed-size list (or ‘beam’) of the best solutions. The size of this list is
parameter termed the beam width, and represented with W . The algorithm is the following:
for each iteration t in {1..T}, update its probability at time t using the forward recursions.
Next, extend each label in the beam by each character in the alphabet {A,C,G, T} and
calculate the corresponding forward probabilities. Finally, prune the beam down to the W
labels with the highest probabilities. By increasing the beam width W , more solutions are
tracked at every iteration.

Pair decoding

Assuming the independence of each read, and a flat prior over labels, the best label is given
by

ˆ̀= argmax`P (`|y1, y2) = argmax`P (`|y1)P (`|y2)

We extend our beam search to work in two dimensions over the T1 × T2 space of both
reads. Much as in each iteration of a standard beam search, the extensions of each sequence
are added to the beam and the score of each sequence is updated. Finally, the beam is
pruned down to the top W hits with the highest scores, where W is the beam width. We
present below two variations of the algorithm.

In the first, we iterate over tt ∈ 1..T1, and at each step update the forward probabilities
for labels in the beam at t1 and for t2 ∈ 1..T2. Each label in the beam is assigned a score
equal to the forward probability from read 1 at t1 times the maximum forward probability
from read 2 in the range 1..T2.

score(`) = α1(t1, |`|) + max
t∈1..T2

α2(t, |`|) (1)

We also tested a second symmetric variation, where each iteration of the search considers
both a column (1..T1) and a row (1..T2) of signal space, and the beam scores are weighted
by the respective maximum forward probabilities in those ranges. At each iteration both t1
and t2 are incremented by one.

score(`) = max
t∈1..T1

α1(t, |`|) + max
t∈1..T2

α2(t, |`|) (2)
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Both of these strategies are implemented in PoreOver and yield similar accuracies on
our test data. The second method reduces the number of beam update steps and runs
comparatively faster when adapted to use the alignment envelope, and so was used for the
accuracy benchmarks in Fig 2 (and is the default setting of PoreOver).

Because the complementary strand passes through the pore with high probability but
not every read generates a second strand, there is an additional step during sequencing
to determine whether two reads are complementary strands or not. For this work we just
relied on the determination of the Guppy basecaller. While one could in theory train two
RNNs to operate on the forward and reverse strands and then run consensus on those two
probabilities, here we adopt a simpler approach by taking the “reverse complement” of the
softmax probabilities, for example:

t = 1 2 3


A 0.5 0 0.5
C 0 0.6 0.5
G 0 0.2 0
T 0 0 0
ε 0.5 0.2 0

reverse complement−−−−−−−−−−−→

t = 1 2 3


A 0 0 0
C 0 0.2 0
G 0.5 0.6 0
T 0.5 0 0.5
ε 0 0.2 0.5

For Bonito decoding, we modified the basecaller (version 0.2.2) to save softmax probabil-
ities and adapted our decoding algorithm to work with a CTC model that merges repeated
characters.

Pair decoding can be trivially parallelized over multiple reads for a large speedup. For
our Bonito experiment, decoding the 5,000 read pair test set using 20 parallel processes on
an Intel i9-9820X workstation took 17:38 minutes, yielding an average decoding speed of
1,628 consensus bp/s/thread.

Our pair decoding algorithm makes use of a very narrow alignment envelope defined in
signal space using a sequence alignment. Given a match state in the sequence alignment,
and the default padding of 5 on either side, we would expect the average size to be 9+5+5
=19. Empirically, we see a mean envelope width of 22, not far off this estimate. For two
average reads of 10kb and 90,000 signals, this envelope would constrain the search to just
0.024% of the entire matrix, an efficiency which helps justify our use of a pairwise sequence
alignment step.

The quality of the consensus sequence tends to depend on the quality of this sequence
alignment, and indeed the main failure mode appears to be cases where the two 1D2 reads are
unalignable. As the algorithm assumes sequences will be globally alignable, any sequences
with a significant length mismatch are skipped by PoreOver. Of the remaining reads, a
small fraction have poor pairwise alignments that results in poor consensus sequences (i.e.
consensus accuracy lower than the mean 1D accuracy of the two reads), sometimes due to one
read being of significantly worse quality and bringing the overall average down. Altogether,
including the sequences that are skipped, these failure cases make up < 2% of the our test
data.
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Pair decoding and genome assembly

We sought to investigate whether the accuracy improvement from consensus decoding would
carry through downstream assembly and polishing. To do this we created two assemblies
from our set of 5,000 paired reads. In the first, we ignored the pairing information and
treated each read independently, basecalling with the Bonito network and decoding with
the Viterbi algorithm. For the second assembly, we basecalled each read with Bonito but
then ran PoreOver to generate consensus sequences for each pair. The resulting sets of
sequences were assembled with miniasm [5] and then polished for four rounds with Racon
[6]. The resulting contigs were compared against the reference and the results are shown in
Figure S3. We find that while the unpolished assembly of 1D2 reads is significantly more
accurate, this difference is reduced after several rounds of polishing. Thus, this highlights
that the main use of pair decoding is for maximizing single-molecule accuracy, and has only
a marginal benefit when used in an assembly+polishing workflow.

Neural network architecture and training

Our example basecalling network, PoreOverNet, consists of a single convolutional layer fol-
lowed by three bidirectional GRU[7] layers (Figure S1). Output is passed through a softmax
function to yield probabilities for each nucleotide plus a gap character, {A,C,G, T, ε}. Under
this model, the gap character represents no change in the pore, and so the output probability
trace consists of peaks of probability as each nucleotide passes through the pore, followed by
stretches with high gap probability (Figure 1A).

Given that training organism influences the generalizability of the network[8], we sought
to include a broad taxonomic diversity. A training set of R9.4 reads was assembled from a
sample of 10,000 human reads from the nanopore whole genome sequencing consortium[9]
and 10,000 microbial reads from the Zymo mock community[10] spanning 8 bacterial and 2
yeast species.

Reads were re-bascalled with the Guppy basecaller (version 3.2.4) and mapped back to
reference genomes. Tombo1 was used to re-align the raw signal to the reference sequence
and correct previous basecalling errors. These corrected reads were split into chunks of 1000
measurements and used as the training set. A fraction of the data was held out as a test set
and used to evaluate the performance of our model during training. The neural network was
trained for ten epochs using the Adam optimizer [11] (learning rate of 0.0005) to minimize
CTC loss.

Evaluating decoding algorithms for single read basecalling

In addition to the read pair decoding presented in the main text, we also compare single
read decoding algorithms using both our own trained basecalling network (Figure S1), as
well as ONT’s basecaller Guppy, which implements a variant of CTC called “flip-flop”. The
same test set of 10,000 reads was used as in the previous benchmark, though the pairing
information was ignored and reads were treated as standard 1D reads.

1https://github.com/nanoporetech/tombo
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Simplified CTC model

Test reads were split into chunks of 1000 measurements, batched together, and fed through
PoreOverNet to yield the softmax probabilities. Decoding was then done with both (1)
Viterbi best path and (2) a beam search (Figure S2A). The use of beam search over Viterbi
yielded a very slight improvement in median accuracy from 87.6% to 88.1%. Interestingly,
the beam width had little effect on the overall accuracy, with W = 50 yielding nearly identical
results. While beam search does yield a slight improvement over Viterbi decoding, it comes
at a disproportionately greater computational cost.

Flip-flop CTC model

While the earliest nanopore basecallers focused on the task of predicting a sequence of k-mers
[12], the production basecaller Guppy along with the research basecaller Flappie introduced
a character level, CTC-style model known as “flip-flop”. The flip-flop model is an adaptation
of CTC for the purpose of better calling homopolymers, a known error mode in nanopore
sequencing.

The flip-flop model does not use gaps, as in the standard CTC model but instead has
two sets of “flip” (+) and “flop” (-) states, with transitions within flip and flop states only
emitting a blank character ε, y(c, t) with c ∈ {A+, C+, G+, T+, A−, C−, G−, T−}. Further-
more, transitions from flip to flop states are only allowed between the same nucleotide (e.g.
A− → A+). Internally, the basecaller generates a transition matrix for each time step and
then runs a Viterbi decoding to generate the final basecalled sequence. The marginalized
version of these transition probabilities are stored in FAST5 files, allowing us to use our own
decoding algorithms on the flip-flop probabilities. However, we need to adapt the calculation
of the forward probabilities to take into account the flip and flop states:

α+(t, s) =α+(t− 1, s) · y(t, `s)

+

{
α−(t− 1, s− 1) · y(t, `s) if `s = `s−1

(α+(t− 1, s− 1) + α−(t− 1, s− 1)) · y(t, `s) otherwise

α−(t, s) =α−(t− 1, s) · y(t, `s + 4)

+

{
α+(t− 1, s− 1) · y(t, `s + 4) if `s = `s−1

0 otherwise

Results from running on the same set of 10,000 reads are shown in Figure S2B. Surpris-
ingly for the flip-flop model, the Viterbi algorithm actually outperforms the beam search
on this data. The Viterbi decoding yielded a median accuracy of 90.9% while beam search
decoding yielded a median accuracy of 88.9%. Despite the sequences returned by the beam
search having higher probabilities, they tend to be less accurate when aligned to the refer-
ence genome. Likely because of this, our pair decoding algorithm, which is a form of beam
search, does not work well with flip-flop basecalling.
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For some reason, it appears that the more probable sequences aren’t necessarily more
accurate. While it is unclear why this was the case with the flip-flop model but not our
simplified CTC model, it could be symptomatic of the way these models are trained and
evaluated. Much as in several natural language processing tasks, there is a mismatch between
the maximum likelihood objective used in training, the CTC loss, and the actual metric
used for evaluation, the edit distance or alignment accuracy between the predicted and true
labelings. While this metric is discrete and non-differentiable, there has been some success in
speech recognition using techniques from reinforcement learning to approximate this gradient
and optimize the edit distance directly[4]. Applying policy gradient style approaches that
maximize the reward function (in this case alignment accuracy) to CTC basecalling could
be an avenue for future research.

In addition to the “flip-flop” model available in the production basecaller Guppy, ONT
have also recently introduced another basecalling paradigm known as “run-length encoding,
which is implemented in the research basecaller Runnie. Under the run-length encoding
model, the neural network outputs the best nucleotide as well as parameters of a discrete
Weibull distribution which characterizes the length of the repeat. While this makes single
read decoding trivial (by predicting the mode of the parameterized distribution), the 2D
beam search described could be adapted to work for run length encoded output. Indeed,
one of the strengths of beam search is the ease with which it can be adapted (e.g. to use a
language model in speech recognition).
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Figure S1: Architecture of PoreOverNet. Input is processed with a single convolutional layer
(256 filters, kernel of length 9, stride of 1) followed by three stacked bidirectional GRU layers
(128 units each). The model has 893,189 parameters in total. The softmax output is fed
into a CTC loss function, and minimized during training.
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Figure S2: (A) Comparison of single read decoding algorithms using output from our network
PoreOverNet, which implements a simplified CTC model that does not merge repeated
characters. (B) Single read decoding algorithms run on output of the Guppy basecaller,
which implements a variation of CTC for calling homopolymers called “flip-flop”. In this
case the beam search surprisingly returned lower accuracy basecalls than Viterbi decoding.
A beam width of 10 was used for both plots.
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Figure S3: Accuracy of assemblies generated with and without consensus decoding of read
pairs. After initial assembly with miniasm, assemblies were polished for several rounds with
Racon. The Q-score is defined as −10 log(error rate).
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