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Abstract
Question Answering has become a classic NLP task, especially over the past few
years with the rise of transformers and pre-trained contextual embeddings. On the
SQuAD 1.1 dataset, the QANet [10] architecture performed extremely well and
produced the majority of the top scores by incorporating aspects of transformers
[9]. However, PCE models have overwhelmingly dominated the SQuAD 2.0
leaderboard. My goal in this project is to try to apply new ideas about non-fixedlength context from Transformer-XL [3] to the QANet model in order to improve
upon scores. Despite running into some problems in implementing models, I did
end up seeing an improvement in performance.
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Introduction

Question Answering is a task that is fairly straightforward for humans. From a young age, the
format is familiar and can be found on countless reading comprehension tests – given this passage,
answer the following questions. Naturally, it became a point of emphasis in the NLP community,
especially when the SQuAD1.0 dataset was released in 2016 [7]. Initially, the tried-and-true long
short-term memory (LSTM) models [5] led the way, but soon other techniques such as bidirectional
attention flow (BiDAF) [8] took over the top of the leaderboard. However, with the introduction of
Transformers [9] in 2017, the Transformer-based QANet model [10] quickly achieved state-of-the-art
performance. With the rise of pre-trained embeddings in 2018, though, BERT [4] managed to even
surpass human performance on the SQuAD1.0 dataset.
Clearly the problem needed to be made a little harder. SQuAD2.0 [6] introduced a large
number of unanswerable questions to the dataset, and suddenly the models that had performed so
well on the old dataset struggled to identify when there was no answer. BERT emerged from the pack
as the best at being able to perform well on this dataset too, and as of early March Google AI has
produced a BERT-based ensemble model that performs only a couple of tenths worse than human
performance.
But what happened to the QANet models that once sat atop the leaderboard? Were vanilla
transformers inadequate to accurately identify which questions had no answers, or were they just
out-performed by pre-trained models, so no one bothered trying them on SQuAD2.0? My goal for
this project was to recreate a QANet model to test its performance on SQuAD2.0, and then try to
extend it to improve performance. The most intriguing improvement that I sought to make was to
apply the ideas of Transformer-XL [3] get rid of fixed-length context and introduce a recursive
structure to allow the Transformer blocks to draw connections between farther apart sections of text.
Similar to the improvement that LSTMs and GRUs made over vanilla RNNs, I hoped that this would
also improve the performance of a QANet model. In the end, however, as I will describe more later,
it seemed that the fact that the context in the SQuAD dataset is of a fixed, fairly short length, limiting
the improvements of Transformer-XL.
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Related Work

There has been a lot of recent work on Question Answering in the NLP community. One of the
earlier papers that laid framework and introduced concepts that other SQuAD models have adapted
was “Bidirectional Attention Flow for Machine Comprehension" [8]. The BiDAF model introduced
the idea of not only having the query attend to the context paragraph, but also performing attention
calculations in the opposite direction – with the context attending to the query. This proved to be a
useful technique, and BiDAF models are commonly used as a baseline for other SQuAD models.
The main papers that inspired my work were “Attention Is All You Need" [9], “QANet:
Combining Local Convolution with Global Self-Attention for Reading Comprehension" [10], and
“Transformer-XL: Attentive Language Models Beyond a Fixed-Length Context" [3]. Vaswani and his
team changed the way the NLP community thought about solving problems when he introduced
the Transformer and the idea that attention is the key aspect of many models and high levels of
performance can be achieved simply by stacking many transformer blocks on top of one another. Yu
and others at Carnegie Mellon and Google Brain took this idea and used stacks of transformer-like
blocks along with context-query attention to find the most likely start and end positions of an answer.
The work of Dai et al. in coming up with Transformer-XL expanded on Transformers by introducing
a recursive structure to them and freeing them from the binds of fixed-length context, inspiring my
changes to the base QANet model.
More recent work with pre-trained contextual embeddings, such as BERT [4] have further
pushed our notion of what is possible to achieve with our models. Recent work has shown that
using these pre-trained embeddings, can offer huge improvements in performance, allowing new
state-of-the-art benchmarks to be reached across Question Answering and other tasks.
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Approach

The first step of of approach was implementing a QANet [10] model before attempting to make
changes to it to reduce dependencies on fixed-length content using the ideas of Transformer-XL [3].
The QANet architecture is best described through the diagram below from the QANet paper [10].

Figure 1: QANet architecture.
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The blue encoder block shown enlarged on the right draws from the ideas of Transformers [9] and is
repeated at various points in the architecture. Within the block, we get positional encodings, apply a
depthwise-separable convolution layer [2], apply self-attention, and finish with a feedforward layer,
normalizing with Layernorm [1] at each step. This block is first used to encode the embeddings of
both the context and the query. For the context-query attention, I used the attention function supplied
in the BiDAF starter code. 3 stacks of encoder blocks are then applied sequentially, with outputs
concatenated and put through linear and softmax layers to arrive at start and end probabilities for
the location of the answer. I adhered to most of the parameters and specifications in the QANet
paper, except for using 4 heads for multi-headed attention rather than 8, 3 encoder blocks per stack
instead of 7, d_model = 96 instead of 128, and a batch size of 32 instead of 64. All of these changes
were so that the model could run on an NV12 virtual machine with 2 GPUs. I spent the better
part of 3 days implementing these layers using PyTorch in code that I wrote initially. However,
after experiencing slow and poor performance despite double- and triple-checking against the
specifications in the QANet report, I ended up referring to and incorporating parts from this QANet
implementation in PyTorch from Github. I opted to do this because the main point of my project was
to see if Transformer-XL would improve the base model, even though this pushed my model into
the PCE Leaderboard category based on the instructor definition of things. Running that version of
QANet also had fairly low performance, however, as I later saw on Piazza was the case for most
students implementing QANet, so although I was inclined to believe that the model that I had
painstakingly implemented myself was close to being correct, I decided to move forward with the
other implementation and just try to improve on that model’s performance with Transformer-XL
features.
Although I knew going in that the typical transformer’s fixed context length was still longer
than the context of SQuAD passages, I was interested to see if applying the recurrent structure
of Transformer-XL would be able to improve performance. There were only a couple of key
changes to make to the structure of my QANet encoder blocks to adjust according to the changes
Transformer-XL makes to vanilla Transformers. First, I needed to apply the following equations for
self-attention to add extended context through recursion:

Figure 2: Transformer-XL self-attention equations.

Then, importantly, we would also need positional encodings to be relative instead of absolute when
we no longer have fixed context length. In our attention equations, we now need to replace absolute
embeddings Uj with relative embeddings Ri−j , where R is a sinusoid encoding matrix. The original
rel
absolute attention equation (Aabs
i,j ) and the new relative attention equation (Ai,j ) are shown below as
they appear in the Transformer-XL paper [3].

Figure 3: Absolute and relative attention equations.
The paper also presents the option of using a positional feedforward layer. More details on all of
these changes can be found in the Transformer-XL paper [3].
While this may be assumed as I did the default project, for completeness I will also mention here that I ran the BiDAF [8] model from the provided starter code as a baseline. More
information on that model can be found at the paper cited above or in the project handout.
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Experiments

As I was doing the default final project, I was working with the SQuAD 2.0 dataset, which has
roughly 150k questions along with corresponding passages. Roughly half of the questions have
answers, but the rest do not. Answerable questions have their answer drawn directly from the context
passage. For our projects, we are working with a subset of this SQuAD 2.0 data because we do not
have access to the official test set data.
The task is for the model to predict the answer to the question given the passage, or predict “N/A" if there is no answer to the given question in the passage. We measure success using
the classic Exact Match (EM) and F1 scores as commonly used for SQuAD and other Question
Answering datasets.
I first ran the provided baseline, which uses a Bidirectional Attention Flow [8] model without concatenating character CNN embeddings onto the GloVe word embeddings. Using the classic
SQuAD metrics of EM and F1 to gauge performance, the baseline had an F1 score of 60.5 and an
EM score of 57.39.
I spent many hours going over the QANet [10] and Transformers [9] papers and attempting
to create my own implementation in PyTorch, building off the provided baseline codebase, leaning as
needed on cited papers for strategies used such as Layer Normalization [1] and Depthwise Separable
Convolutions [2]. After fine-tuning layers and making sure matrix shapes were aligned and small
examples seemed to be functioning properly, I attempted to run the model on an Azure NV6. I
quickly ran into CUDA memory issues. After troubleshooting this and shrinking my batch size, it
managed to run, but F1 and EM metrics did not improve much above the low 50s. Frustrated and
having already spent more time than I had initially budgeted just to get the base QANet working
without Transformer-XL, I decided to use an existing QANet PyTorch implementation, and make
changes to that for Transformer-XL. I realized that using this existing codebase would push me into
the submission category with PCE, but I was more just interested in seeing how I could perform with
Transformer-XL. However, after copying over some of the layers from that codebase and making
some minor tweaks to ensure compatibility with the provided framework, I saw improvements in
the AvNA metric and in NLL, but EM and F1 did not improve. At that point I realized that I had
forgotten to update the learning rate and optimizer to match the description in the QANet paper, so I
changed it to an Adam optimizer with warm-up to a 0.001 learning rate over the first 1000 batches. A
graph of this learning rate warm-up is shown below.

Figure 4: Learning rate warm-up.
I ended up using an Azure NV12 machine with 2 GPUs to train the base QANet architecture. Each
epoch took about 40 minutes. Result graphs from dev set validation during the training process are
shown at the top of the next page.
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Figure 5: Training metrics for base QANet model.
There was still clearly something wrong. NLL declined sharply, but then began to overfit
the training data after around 60000 iterations. While AvNA increased sharply at first and steadily
throughout, F1 and EM scores declined steadily throughout training. I found it interesting that the
model seemed to be learning which questions had answers, just not getting the correct answers. An
example that I found from looking through the selected samples in Tensorboard seemed to indicate
that some of the answers were close to being right, but just not quite capturing the correct set of
words that the gold-standard source answer had.

Figure 6: Sample dev set result from training base QANet model.
The model correctly identified that we were looking for a year, but incorrectly took the whole range
of years instead of just the end of the range. Many other errors mirrored this one, but I could not
figure out why this might be the case.
Without a clear idea of what to do to improve this problem, I decided to move on to implementing aspects of Transformer-XL to see if it would improve anything. Because the Transformer-XL
paper [3] was a little vague on the implementation of some of its changes, because I had already
spent many hours more than I had budgeted for this project on implementing QANet and needed
to spare some time for other classes, and because I had already used some external code, I drew
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on this Github implementation of Transformer-XL to help make some of the changes to represent
aspects of Transformer-XL. While performance was similar overall, there was definitely better initial
performance before the model started to overfit after about 60000 iterations.

Figure 7: Training metrics for Transformer-XL QANet model.
I also ran the default BiDAF code with my own added character embeddings to get a slight improvement over the baseline performance in case we get points for improving on the baseline. I submitted
results from the BiDAF with character embeddings model to the non-PCE leaderboard and results
from the QANet-XL model to the PCE leaderboard because I used some external code in that. A
summary of these results are shown below.
Model
Baseline BiDAF
BiDAF with char embeddings
Base QANet
QANet-XL

Dev EM
57.39
57.50
51.99
52.18

Dev F1
60.50
60.88
51.87
50.93

Although the results of my QANet models were certainly lower than I hoped and expected, they still
gave some insight into the possibility for Transformer-XL’s usefulness when used in place of vanilla
Transformers.
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Analysis

As I highlighted in the previous section, it seemed like some dev set examples were being answered
almost correctly and this inability to match the exact wording was hurting performance scores. That
being said, there were certainly still some examples where the model predicted incorrectly, and even
mis-identified whether or not there was an answer to the question. From an informal survey of the
selected examples in Tensorboard, it appears that, while the AvNA metric improves, we still tend to
predict N/A fairly often, even when there is an answer. This bias toward choosing no answer might
indicate that, given more time, it would be good to raising the threshold of probability needed to
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say that there is no answer, or otherwise influence our model to choose an answer. There are a few
occasions on which we predict an answer when there is no answer, but overall we would have a much
higher performance level if we only looked at the subset of data points without an answer. This fact
combined with that already-low EM and F1 scores, however, indicates that the model does rather
poorly at correctly predicting an answer, even if we account for cases where just one word is different
or missing as in the example below.

Figure 8: Sample dev set result from training Transformer-XL QANet model.
One of the biggest conclusions that we can draw from examining the results of the base QANet model
and the Transformer-XL QANet model is that it does seem as if adding features of Transformer-XL
to the encoder blocks of QANet helps to improve performance, as we saw a higher F1 score, which
was what we were maximizing in training. As claimed in the Transformer-XL paper [3], even when
the context length is short enough for vanilla Transformers to capture the whole thing, the recurrent
structure of Transformer-XL can allow QANet to pick up on more information from the context and
query. This further supports the notion that this could be a good improvement to vanilla Transformers,
and it would be interesting to see what other tasks could have their performance improved with these
additions. Both models, however, began to overfit to the training data around only 60000 iterations,
which could be related to the problem of why performance was so poor, but also could indicate that a
shorter training time would be adequate, allowing for more rapid iteration to get improvements.
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Conclusion

Despite many obvious shortcomings to this project, I was intrigued to find the improvement in performance when I added Transformer-XL features to QANet. While it was a rather small improvement,
many architectural changes are commonly implemented to achieve small performance boosts. If I
had more time to work full-time on this project and try more techniques for debugging the neural net
to determine the cause of the poor performance, it would be interesting to see whether it was still just
a small increase with Transformer-XL, or a larger one (or no increase at all). I also only had time to
implement some of the aspects of Transformer-XL, so I would love to be able to implement it more
fully and see if the increase grew in magnitude. I learned a lot about the intricacies of NLP neural
nets, and the power of these models, but also the struggles of debugging them when things don’t
work out quite as planned. Nonetheless, I am proud of the time that I put into this project and the
progress that I made without having a partner to help me out. If Transformer-XL can truly offer an
improvement over Transformers, we could see a whole new wave of state-of-the-art models coming
out in the near future!
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