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Summary of GLoMo

* Break away from the standardized norm of feature based deep transfer learning.
» |_earn versatile structures in the data with data driven approach.
* Decouple features and graphs

* GLoMo learns generic latent relational graphs between pairs of data units from
large scale data.

» Transfer the relational graphs to downstream tasks.
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Summary of GLoMo
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Example of GLoMo
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Pretraining part
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Key CNN output k

Input: sequence of units x = (xq, -, x7) » Learning affinity matrix G G;; =
Query CNN output q

(ReLU(k;qj+b))?
3,(ReLU(k;1qj+b))?

After graph prediction, combine unary features of previous layers and affinity matrix fi = V(z Gjltfjl_l,ftl_l)
J



Pretraining part
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The objective is context prediction with context length D at time t

maxz logP(Xt41, s Xeap| Xt ftL)
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Downstream part
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-After training graph predictor from large-scale datasets, it is transferred to downstream tasks.
-Various embedding(GloVe, ELMo) can be used feature predictor of downstream tasks.
-Let the features of downstream tasks H = (hq, -, hy)

-To consider propagating the connections among multiple layers Al = [T}_, G*



Results

Table 1: Main results on natural language datasets. Self-attention modules are included in all baseline
models. All baseline methods are feature-based transfer learning methods, including ELMo and
GloVe. Our methods combine graph-based transfer with feature-based transfer. Our graphs operate on

various sets of features, including GloVe embeddings, ELMo embeddings, and RNN states. “mism.”
refers to the “mismatched” setting.

Transfer method SQuAD GloVe | SQuAD ELMo | IMDB GloVe MNLI GloVe
EM Fl EM Fl Accuracy matched — mism.
transfer feature only (baseline) | 69.33  78.73 | 74.75 82.95 88.51 77.14 77.40
GLoMo on embeddings 70.84 7990 | 76.00 84.13 89.16 78.32 78.00
GLoMo on RNN states 71.30  80.24 | 76.20 83.99 - - -

-'Self attention’ module is incorporated into all of baselines models.
-When pre-trained ‘feature transfer’ is adopted, GloMo is able to yield further improvement.

-GLoMo can be adopted to various embedding and RNN states
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