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Introduction Methods Transformer-XL Results
SQUAD 2.0 tackles the challenge of text comprehension through Transformer-XL 1s a self-attention network that aims at improving on w N )
the task of question answering. Our study aims to use the novel the vanilla Transtormer by taking into account a much larger context. e T .
Transformer-XL architecture on this dataset and to compare the ) . / o
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directional attention Network (BIDAF). The Transtormer-XL © o0 o© o
model was originally designed to capture longer-term o)
dependencies N the network. | T/ Il (a) NLL on dev set (b) EM score on dev set (c) F1 score on dev set
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and models training time using a NVé Microsoft Azure virtua Fig.2 Usage of previous segment weights In to capture longer-term dependencies ncorporates character embeddings. The models converge after
machine with 6 vcpus and 56 GB memory. Instead of treating each segment of input separately, connections are around |.5M rterations.
or all the training and testing phases, we used the original added between the hidden units of the previous and the current
available SQUAD 2.0 dataset. This dataset contains 507% context/ segment and the weights of the previous hidden units are frozen. This
query pairs that do not have any answer. allows information to be passed along the segments, effectively Discussion

iNtroducing a recurrence mechanism at the segment-level.

surprisingly, we note that models based on Transformer-XL do not

, Normalization + Feed forward || VY€ adapted the QANet architecture reduce training time as we expected it. One reason could be that
Baseline t to include the Transformer-XL layers in the reduced training time was achieved on a model consisting only
. Normalization + TransformerXL || the encoder blocks. Each block consists y '
In order to compare our results with the Transformer-XL * of a stack of several depth-wise of aTTastorr;wer ><L| attiﬂthﬂ. I—Ilere, we also Tdd Sec\j/el'fal | aylers of
- L r - i convolution that make the model more complex and likely slow It
arch|te.cture,.vve also worked on variations of the IBDAF model. Normalization + Convolutions || convolutional layers, followed by a self- o Eey e S mocelspand o zi/rameter
(See Figl.) First we used a default model that only included word 4 attention layer and a feed-forward layer v, i P o YPEP o
- - - - - | - i ! tuning could allow us to surpass scores obtaine state-ot-the-art
embeddings, which we Iimproved by Incorporating character , - | cre we modift the orisinal vanilla g P Y
embeddines Relative Positional Embeddings Y & non-PCE models such as QANet.
5> transformer and replace 1t by a i el | RN - o
Start Ena Query2Context Fie.3 New encoder block Transh S| attenti owever, our models reveal two limrtations. rirst, we could not use
ransformerXL attention. ] |
| — o the full range of the Transformer-XL laters due to memory Issues.
Output Layer il Iy Bl [ Addritionally, the relatively small number of words in the input may
e T = |eHa e ttettettat 1 us explain why the Transformer-XL does not yield strong results when
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Fig. | BIDAF architecture 4. [https://github.com/kimiyoung/transtormer xI| https://github.com/kimiyoung/transformer-xI.




