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Stuff from last time

* Too many readings!
* The mythical HW1

e Extra credit!



What is a task?

- a description

MNLI The Multi-Genre Natural Language Inference Corpus (Williams et al., 2018) is a crowd-
sourced collection of sentence pairs with textual entailment annotations. Given a premise sentence
and a hypothesis sentence, the task is to predict whether the premise entails the hypothesis (entail-
ment), contradicts the hypothesis (contradiction), or neither (neutral). The premise sentences are
gathered from ten different sources, including transcribed speech, fiction, and government reports.

- a (sample) dataset

D = {(wz‘,yz‘) 7];21



Tasks can help each other!

® classification: supplementing language model (LM)-
style pretraining with further training on intermediate
tasks leads to improvements and reduced variance
(Phang et al., 2019; arXiv)

® sequence labeling: pretraining on a closely related
task yields better performance than LM pretraining when
the pretraining dataset is fixed (Liu et al., 2019; NAACL)

® machine comprehension: pretraining on multiple
related datasets leads to robust generalization and
transfer (lalmor and Berant, 2019; ACL)



® Discover the space of language tasks

- properties of individual tasks

- task similarities and beneficial relations among tasks

® Practical application
- reduce the need for supervision among related tasks
- multi-task learning: solve many tasks in one system

- transfer learning: select source tasks for a given task
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There are tons of NLP tasks!

® ~ 100 tasks/datasets from various classes of problems
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Taskonomy for vision tasks

® Zamir et al. (2018); CVPR: A library of 26 tasks covering
common themes in computer vision (2D, 3D, semantics,
etc.)
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A research question

® |Vhat criteria can be used to predict
which combinations of source/
Intermedadiate and target tasks should work
well?



Create task embeddings

o fixed-length dense vector representations
of tasks

® [he vector space can tell us how closely
related two tasks are (i.e., via cosine
distance)






Previous work on exploring the
relations between NLP tasks

® Bingel and Sogaard (2017); @ Talmor and Berant (2019),
EACL: 10 main sequence ACL: 10 main reading
labeling tasks, 90 task pairs comprehension tasks
for multi-task learning
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A simple approach

task embedding ]

e use the task description /ﬂbase JR—

only (l.e., a paragraph
describing the task)

e | imitation: requires a clear
description for each task in
the library

Tok1| |Tok 2| ... Tok N
task description




Gradient-based methods

® Use a single base network

( task-specific )

® odd a task-specific layer for a classifier layer
given task /ﬂ

® pass the entire dataset forward base network
through the network only once Lt ln ] -

® during backpropagation:

either use training labels or
sample from the model’s

» i'\<
predictive distribution to M M
compute gradients w.r.t. the

model’s parameters (weights) or {Tok1 Tok2| ... [TokN

outputs (activations) input text




What is the base network?

® a2 pre-trained
model, e.q., BERT,
XLNet, RoBERTa




How to get gradient information?

® use training labels

- original gradients Vo logpo(yn|zsn)

- use the empirical Fisher Vg log Po(Yn|Tn) Vo log Pe(yn‘xn)T
® sample from the model’s predictive distribution

- original gradients
Epg(y|azn) [Ve lngg (y|ajn)}

- use the theoretical Fisher

Kpo (y|zn) Vo logpo(ylzn) Vologpe(ylzn) ']



Various gradient types
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1. given a target task of interest,
compute a task embedding from
BERT’s layer-wise gradients
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Target task

/

4. fine-tune the
resulting model

on target task
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LIMITED — LIMITED

Target task performance
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LIMITED — LIMITED
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