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Abstract

Recent advances in NLP demonstrate the effec-
tiveness of training large-scale language mod-
els and transferring them to downstream tasks.
Can fine-tuning these models on tasks other
than language modeling further improve per-
formance? 1In this paper, we conduct an ex-
tensive study of the transferability between 33
NLP tasks across three broad classes of prob-
lems (text classification, question answering,
and sequence labeling). Our results show that
transfer learning is more beneficial than pre-
viously thought, especially when target task
data is scarce, and can improve performance
even with low-data source tasks that differ sub-
stantially from the target task (e.g., part-of-
speech tagging transfers well to the DROP QA
dataset). We also develop task embeddings
that can be used to predict the most trans-
ferable source tasks for a given target task,
and we validate their effectiveness in exper-
iments controlled for source and target data
size. Overall, our experiments reveal that fac-
tors such as data size, task and domain simi-
larity, and task complexity all play a role in
determining transferability.

1 Introduction

With the advent of methods such as ELMo (Peters
et al., 2018) and BERT (Devlin et al., 2019), the
dominant paradigm for developing NLP models
has shifted to transfer learning: first, pretrain a
large language model, and then fine-tune it on the
target dataset. Prior work has explored whether
fine-tuning on intermediate source tasks before the
target task can further improve this pipeline (Phang
et al., 2018), but the conditions for successful trans-
fer remain opaque, and choosing arbitrary source
tasks can even adversely impact downstream per-
formance (Wang et al., 2019b). Our work has two

% Part of this work was done during an internship at
Microsoft Research.
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Figure 1: A demonstration of our task embedding
pipeline. Given a target task, we first compute its task
embedding and then identify the most similar source
task embedding (in this example, WikiHop) from a pre-
computed library via cosine similarity. Finally, we per-
form intermediate fine-tuning of BERT on the selected
source task before fine-tuning on the target task.!

main contributions: (1) we perform a large-scale
empirical study across 33 different datasets to shed
light on the transferability between NLP tasks, and
(2) we develop task embeddings to predict which
source tasks to use for a given target task.

Our study includes over 3,000 combinations of
tasks and data regimes within and across three
broad classes of problems (text classification, ques-
tion answering, and sequence labeling), which
is considerably more comprehensive than prior
work (Wang et al., 2019a; Talmor and Berant,
2019a; Liu et al., 2019a). Our results show that
transfer learning is more beneficial than previously
thought (Wang et al., 2019b), especially for low-
data target tasks, and even low-data source tasks
that are on the surface very different than the tar-
get task can result in transfer gains. While pre-
vious work has recommended using the amount
of labeled data as a criterion to select source

!Credit to Jay Alammar for creating the BERT image.
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http://jalammar.github.io/illustrated-bert/

tasks (Phang et al., 2018), our analysis suggests
that the similarity between the source and target
tasks and domains are crucial for successful trans-
fer, particularly in data-constrained regimes.

Motivated by these results, we move on to a
more practical research question: given a particu-
lar target task, can we predict which source tasks
(out of some predefined set) will yield the largest
transfer learning improvement, especially in low-
data settings? We address this challenge by learn-
ing embeddings of tasks that encode their individ-
ual characteristics (Figure 1). More specifically,
we process all examples from a dataset through
BERT and compute a task embedding based on the
model’s gradients with respect to the task-specific
loss, following recent meta-learning work in com-
puter vision (Achille et al., 2019). We empirically
demonstrate the practical value of these task embed-
dings for selecting source tasks (via simple cosine
similarity) that effectively transfer to a given target
task. To the best of our knowledge, this is the first
work that builds explicit representations of NLP
tasks to investigate transferability.

We publicly release our task library, which con-
sists of pretrained models and task embeddings for
the 33 NLP tasks we study, along with a codebase
that computes task embeddings for new tasks and
identifies source tasks that will likely yield positive
transferability.

2 Exploring task transferability

To shed light on the transferability between dif-
ferent NLP tasks,’ we perform an empirical study
with 33 tasks across three broad classes of prob-
lems: text classification/regression (CR), question
answering (QA), and sequence labeling (SL).* In
each experiment, we follow the STILTs pipeline
of Phang et al. (2018) by taking a pretrained BERT
model,’ fine-tuning it on an intermediate source
task, and then fine-tuning the resulting model on
a target task. We explore in-class and out-of-
class transfer in both data-rich and data-constrained
regimes and demonstrate that positive transfer can
occur in a more diverse array of settings than previ-
ously thought (Wang et al., 2019b).

?Library and code available at http: //github.com/
tuvuumass/task-transferability.

3We define a fask as a (dataset, objective function) pair.

*We divide tasks into classes based on how they are mod-
eled; there is considerable in-class linguistic diversity.

SWe use BERT-Base Uncased, which has 12 layers, 768-d
hidden size, 12 heads, and 110M total parameters.

Task |Train|
text classification/regression (CR)

SNLI (Bowman et al., 2015) 570K
MNLI (Williams et al., 2018) 393K
QQP (Iyer et al., 2017) 364K
QNLI (Wang et al., 2019b) 105K
SST-2 (Socher et al., 2013) 67K
SciTail (Khot et al., 2018) 27K
CoLA (Warstadt et al., 2019) 8.5K

STS-B (Cer et al., 2017) 7K

MRPC (Dolan and Brockett, 2005) 3.7K
RTE (Dagan et al., 2005, et seq.) 2.5K
WNLI (Levesque, 2011) 634
question answering (QA)

SQuAD-2 (Rajpurkar et al., 2018) 162K
NewsQA (Trischler et al., 2017) 120K
HotpotQA (Yang et al., 2018) 113K
SQuAD-1 (Rajpurkar et al., 2016) 108K
DuoRC-p (Saha et al., 2018) 100K
DuoRC-s (Saha et al., 2018) 86K
DROP (Dua et al., 2019) 77K
WikiHop (Welbl et al., 2018) 51K
BoolQ (Clark et al., 2019) 16K
ComQA (Abujabal et al., 2019) 11K
CQ (Bao et al., 2016) 2K
sequence labeling (SL)

ST (Bjerva et al., 2016) 43K
CCG (Hockenmaier and Steedman, 2007) 40K
Parent (Liu et al., 2019a) 40K
GParent (Liu et al., 2019a) 40K
GGParent (Liu et al., 2019a) 40K
POS-PTB (Marcus et al., 1993) 38K
GED (Yannakoudakis et al., 2011) 29K

NER (Tjong Kim Sang and De Meulder, 2003) 14K

POS-EWT (Silveira et al., 2014) 13K
Conj (Ficler and Goldberg, 2016) 13K
Chunk (Tjong Kim Sang and Buchholz, 2000) 9K

Table 1: Datasets used in our experiments, grouped by
task class and sorted by training dataset size.

2.1 Experimental setup

We denote a dataset D = {(z%,y)}", with n
total examples of inputs x and associated outputs
y. Each input x, which can be either a single text
or a concatenation of multiple text segments (e.g.,
a question-passage pair), is represented as:

1

[cLs] wi wi 2

1 2 2
.. wp, [SEP] wi wy ... w7,

where wé» is token ¢ of the j‘h segment, [CLS] is a
special symbol for classification output, and [SEP]
is a special symbol to separate any text segments if
they exist. Finally, each task is solved by applying
a classification layer over either the final [CLS] to-
ken representation (for CR) or the entire sequence
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of final layer token representations (for QA or SL).
For both stages of fine-tuning, we follow Devlin
et al. (2019) by backpropagating into all model
parameters for a fixed number of epochs.® While
individual task performance can likely be further
improved with more involved hyperparameter tun-
ing for each experimental setting, we standardize
hyperparameters across each of the three classes
to cut down on computational expense, following
prior work (Phang et al., 2018; Wang et al., 2019b).

2.1.1 Datasets & data regimes

Table 1 lists the 33 datasets in our study.” We se-
lect these datasets by mostly following prior work:
nine of the eleven CR tasks come from the GLUE
benchmark (Wang et al., 2019b); all eleven QA
tasks are from the MultiQA repository (Talmor and
Berant, 2019b); and all eleven SL tasks were used
by Liu et al. (2019a). We consider all possible pairs
of source and target datasets;® while some train-
ing datasets contain overlapping examples (e.g.,
SQuAD-1 and 2), we evaluate our models on target
development sets, which do not contain overlap.

For each (source, target) dataset pair, we per-
form transfer experiments in three data regimes to
examine the impact of data size on SOURCE — TAR-
GET transfer: FuLL — FuLL, FULL — LIMITED , and
LIMITED — LIMITED. Inthe FuLL training regime,
all training data for the associated task is used for
fine-tuning. In the LimITED setting, we artificially
limit the amount of training data by randomly se-
lecting 1K training examples without replacement,
following Phang et al. (2018); since fine-tuning
BERT can be unstable on small datasets (Devlin
et al., 2019), we perform 20 random restarts for
each experiment and report the mean.’

We measure the impact of transfer learning by
computing the relative transfer gain given a source
task s and target task ¢. More concretely, if a base-
line model that is directly fine-tuned on the tar-
get dataset (without any intermediate fine-tuning)
achieves a performance of p;, while a transferred
model achieves a performance of ps_,, the relative

We fine-tune all CR and QA tasks for three epochs, and
SL tasks for six epochs, using the Transformers library (Wolf
et al., 2019) and its recommended hyperparameters.

" Appendix A.1 contains more details about dataset charac-
teristics and their associated evaluation metrics.

8 All experiments conducted on a GPU cluster operating
on renewable energy.

°See Appendix B for variance statistics. We resample 1K
examples for each restart; for tasks with fewer than 1K training
examples, we use the full training dataset.

FuLL — FULL

Jsretgt—  CR QA SL
CR 6.3 (11) 3.4 (10) 0.3 (10)
QA 3.2 (10) 9.5 (11) 0.3 9
SL 5.3(@®) 2.5 (10 0.5 an
FULL — LIMITED

CR QA SL
CR 56.9 (11) 36.8 (10) 2.0 (10)
QA 44.3 (11) 63.3 (11) 531
SL 45.6 (11) 39.2 (6) 20.9 (11)
LIMITED — LIMITED

CR QA SL
CR 23.7 (11) 7.3 (11) 1.1
QA 37311 493 1) 42 (11
SL 29.3 (10) 30.0 (8) 10.2 (11)

Table 2: A summary of our transfer results for each
combination of the three task classes in the three data
regimes. Each cell represents the relative gain of the
best source task in the source class (row) for a given tar-
get task, averaged across all of target tasks in the target
class (column). In parentheses, we additionally report
the number of target tasks (out of 11) for which at least
one source task results in a positive transfer gain. The
diagonal cells indicate in-class transfer.

transfer gain is defined as: gs—,; = Ps—t — Pt
bt

2.2 Analyzing the transfer results

Table 2 contains the results of our transfer experi-
ments across each combination of classes and data
regimes.'? In each cell, we first compute the trans-
fer gain of the best source task for each target task
in a particular class, and then average across all
target tasks in the same class. We summarize our
findings as follows:

e Contrary to prior belief, transfer gains are pos-
sible even when the source dataset is small.

e Qut-of-class transfer succeeds in many cases,
some of which are unintuitive.

e Factors other than source dataset size, such as
the similarity between source and target tasks,
matter more in low-data regimes.

In the rest of this section, we analyze each of these
three findings in more detail.

19See Appendix B for tables for each individual task.
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Figure 2: In these plots (best viewed in zoom with color), each violin corresponds to a target task in the specified
data regime. Each point inside a violin represents an individual source task; its color denotes task class, and its
y-coordinate denotes target task performance after transfer. Above each violin, we provide the best source task
(highest point within the violin) and TASKEMB’s top-ranked source task (the red star). The horizontal black line in
each violin represents the baseline target task performance of BERT without intermediate fine-tuning. TASKEMB
generally selects source tasks that yield positive transfer, and often selects the best source task.
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In-class transfer: The diagonal of each block of
Table 2 shows the results for in-class transfer, in
which source tasks are from the same class as the
target task. Across all three data regimes, most
target tasks benefit from in-class transfer, and the
average transfer gain is larger for CR and QA tasks
than for SL tasks. Changing the data regimes sig-
nificantly impacts the average transfer gain, which
is lowest in the FuLL — FuLL regime (+5.4% av-
erage relative gain across all tasks) and highest in
the FuLL — LiMiTED regime (+47.0%). In general,
tasks with fewer training examples benefit the most
from transfer, such as RTE (+17.0 accuracy points)
and CQ (+14.9 F1), and the best source tasks in the
FuLL — FuLL regime tend to be data-rich tasks such
as MNLI, SNLI, and SQuAD-2 (Figure 2).!!

Out-of-class transfer: We switch gears now to
out-of-class transfer, in which the source task
comes from a different class than the target task.
The off-diagonal entries of each block of Table 2
summarize our results. In general, we observe that
most tasks benefit from out-of-class transfer, al-
though the magnitude of the transfer gains is lower
than for in-class transfer, and that CR and QA tasks
benefit more than SL tasks (similar to our in-class
transfer results). While some of the results are intu-
itive (e.g., SQuUAD is a good source task for QNLI,
which is an entailment task built from QA pairs),
others are more difficult to explain (using part-of-
speech tagging as a source task for DROP results
in huge transfer gains in limited target regimes).

Large source datasets are not always best
for data-constrained target tasks: Phang et al.
(2018) observe that source data size is a good
heuristic to obtain positive transfer gain. In the
FuLL — LIMITED regime, we find to the contrary
that the largest source datasets do not always result
in the largest transfer gains. For CR tasks, MN-
LI/SNLI are the best sources for only four targets
(three of which are entailment tasks), compared to
seven in FuLL — FurL . STS-B, which is much
smaller than MNLI and SNLI, is the best source
for MRPC and QQP, while MRPC, an even smaller
dataset, is the best source for STS-B. As STS-B,
QQP, and MRPC are all sentence similarity and
paraphrase tasks, this result suggests that the simi-
larity between the source and target tasks matters
more for data-constrained targets. We observe sim-

TAs in Phang et al. (2018), we find that intermediate fine-
tuning reduces variance across random restarts (Appendix B).

ilar task similarity patterns for QA (the best source
for WikiHop is the other multi-hop QA task, Hot-
potQA) and SL (POS-PTB is the best source for
POS-EWT, the only other POS tagging task). How-
ever, the large SQuAD-2 dataset is almost always
the best source within QA. Another important fac-
tor especially apparent in our QA tasks is domain
similarity (e.g., SQuAD and several other datasets
were all built from Wikipedia).

When does transfer work with data-
constrained sources? We now turn to the
LIMITED — LIMITED regime, which eliminates the
source data size confound. For CR, STS-B is the
best source for six targets out of 11, including four
entailment tasks (MNLI, QNLI, SNLI, SciTail),
whereas MNLI/SNLI are the best sources for only
two tasks (RTE, WNLI). This result suggests that
source/target task similarity, which we found to
be a factor for the FuLL — LiMITED , iS not the
only important factor for effective transfer in
data-constrained scenarios. We hypothesize that
the complexity of the source task can also play
a role: perhaps regression objectives (as used in
STS-B) are more useful for transfer learning than
classification objectives (MNLI/SNLI). Unknown
factors may also play a role: in QA, SQuAD-2 is
no longer the best source for any targets, while
NewsQA is the best source for five tasks.

3 Predicting task transferability

The above analysis suggests that no single factor
(e.g., data size, task and domain similarity, task
complexity) is predictive of transfer gain across all
of our settings. Given a novel target task, how can
we identify the single source task that maximizes
transfer gain? One straightforward but extremely
expensive approach is to enumerate every possible
(source, target) task combination. Work on multi-
task learning within NLP offers a more practical
alternative by developing feature-based models to
identify task and dataset characteristics that are
predictive of task synergies (Bingel and Sggaard,
2017). Here, we take a different approach, inspired
by recent computer vision methods (Achille et al.,
2019), by computing task embeddings from layer-
wise gradients of BERT. Our approach generally
outperforms baseline methods that use the data
size heuristic (Phang et al., 2018) and the gradients
of the learning curve (Bingel and Sggaard, 2017)
in terms of selecting the most transferable source
tasks across settings.
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3.1 Task embedding methods

We develop two methods for computing task em-
beddings from BERT. The first, TEXTEMB, is com-
puted by pooling BERT’s representations across an
entire dataset, and as such captures properties of
the text and domain. The second, TASKEMB, re-
lies on the correlation between the fine-tuning loss
function and the parameters of BERT, and encodes
more information about the type of knowledge and
reasoning required to solve the task.

TEXTEMB: As our analysis indicates that do-
main similarity is a relevant factor for transfer,
we first explore a simple method based on averag-
ing BERT token-level representations of the inputs.
Given a dataset D, we process each input sample
' through the pretrained BERT model without any
finetuning and compute h,, the average of final
layer token-level representations. The final task
embedding is the average of these pooled vectors

h

ﬁ. This method
captures linguistic properties of the input text  and
does not depend on the training labels y.

over the entire dataset: >

TASKEMB: Ideally, we want a way of capturing
task similarity beyond just input properties repre-
sented by TEXTEMB. Following the methodol-
ogy of TASK2VEC (Achille et al., 2019), which
develops task embeddings for meta-learning over
vision tasks, we create representations of tasks de-
rived from the Fisher information matrix (or simply
Fisher). The Fisher captures the curvature of the
loss surface (the sensitivity of the loss to small per-
turbations of model parameters), which intuitively
tells us which of the model parameters are most
useful for the task and thus provides a rich source
of knowledge about the task itself.

To begin, we fine-tune BERT on the training
dataset of a given task; the model without the final
task-specific layer forms our feature extractor.
Next, we feed the entire training dataset into the
model and compute the task embedding based
on the Fisher of the feature extractor’s parame-
ters (weights) 6, i.e., the expected covariance of
the gradients of the log-likelihood with respect to 6:

Fp= E  Vylog Py(ylx)Volog Py(ylz)".

z,y~Py(z,y)
In our experiments, we compute the empirical
Fisher, which uses the training labels instead of
sampling from Py(z,y):

n

1 o o
F, == loo Po (%2t loo Ps (1 T
b nZ[Ve og Py(y'|x") Vg log Py(y'la*)" ],

=1

and only consider the diagonal entries to reduce
computational complexity. Additionally, we con-
sider the Fisher Fj, with respect to the feature ex-
tractor’s outputs (activations) ¢, which encodes
useful features about the inputs to solve the task.
The diagonal F, is averaged over the input tokens
and over the entire dataset.'?

We explore task embeddings derived from the
diagonal Fisher of different components of BERT,
including the token embeddings, multi-head atten-
tion, feed-forward network, and the layer output,
performing layer-wise averaging. Since our base
model is BERT, this method may result in high-
dimensional task embeddings (from 768-d to mil-
lions of dimensions). While one can optionally per-
form dimensionality reduction (e.g., through PCA),
all of our experiments are conducted directly on
the original task embeddings.

3.2 Task embedding evaluation

We investigate whether a high similarity between
two different task embeddings correlates with a
high degree of transferability between those two
tasks. Our evaluation centers around the meta-task
of selecting the best source task for a given target
task. Specifically, given a target task, we rank all
the other source tasks in our library in descend-
ing order by the cosine similarity'? between their
task embeddings and the target task’s embedding.
This ranking is evaluated using two metrics: (1)
the average rank p of the source task with the high-
est absolute transfer gain from Section 2’s exper-
iments, and (2) the Normalized Discounted Cu-
mulative Gain (NDCG; Jarvelin and Kekildinen,
2002), a common information retrieval measure
that evaluates the quality of the entire ranking, not
just the rank of the best source task.'* The NDCG

2While Fisher matrices are theoretically more comparable
when the feature extractor is fixed during fine-tuning, as done
in TASK2VEC, we find empirically that TASKEMB computed
from a fine-tuned task-specific BERT result in better correla-
tions to task transferability in data-constrained scenarios. We
leave further exploration of this phenomenon to future work.

13We leave the exploration of asymmetric similarity metrics
to future work.

"“We use NDCG instead of Spearman correlation, as the
latter penalizes top-ranked and bottom-ranked mismatches
with the same weight.
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o DCG,(Rpreq)

at position p is defined as: NDCG,, = ——2-—F"¢2,
P p P~ DCG,(Rirue)
where Rpcq, Rirue are the predicted and gold
rankings of the source tasks, respectively; and

p rel;
2meh — 1
DCG,(R) = E — ., where rel; is the rel-
P( ) Pt 10g2(2+ 1) w re 7 1

evance (target performance) of the source task with
rank 7 in the evaluated ranking R."> An NDCG of
100% indicates a perfect ranking.

Aggregating similarity signals from embedding
spaces: For our TASKEMB approach, we aggre-
gate rankings from all of the different components
of BERT rather than evaluate each component-
specific ranking separately.'® We expect that task
embeddings derived from different components
might contain complementary information about
the task, which motivates this decision. Con-
cretely, given a target task ¢, assume that r1.. are
the rank scores assigned to a source task s by
c different components of BERT. Then, the ag-
gregated score is computed according to the re-
ciprocal rank fusion algorithm (Cormack et al.,

2009): RRF(s) = Z

i=1

1

. We also use this
60 + r;

approach to aggregate rankings from TEXTEMB
and TASKEMB, which results in TEXT + TASK.

3.3 Baseline methods

DATASIZE: To measure the effect of data size,
we compare rankings derived from TEXTEMB and
TASKEMB to DATASIZE, a heuristic baseline that
ranks all source tasks by the number of training
examples.

CURVEGRAD: We also consider CURVEGRAD,
a baseline that uses the gradients of the loss curve
of BERT for each task. Bingel and Sggaard (2017)
find such learning curve features to be good predic-
tors of gains from multi-task learning. They sug-
gest that multi-task learning is more likely to work
when the main tasks quickly plateau (small nega-
tive gradients) while the auxiliary tasks continue to

51n our experiments, we set p to the number of source tasks
in each setting.

6We observe that rankings derived from certain compo-
nents are more useful than others (e.g., token embeddings are
crucial for classification), but aggregating across all compo-
nents generally outperforms individual ones.

improve (large negative gradients). Following the
setup in Bingel and Sggaard (2017), we fine-tune
BERT on each source task for a fixed number of
steps (i.e., 10,000) and compute the gradients of
the loss curve at 10, 20, 30, 50 and 70 percent of
the fine-tuning process. Given a target task, we
rank all the source tasks in descending order by
the gradients and aggregate the rankings using the
reciprocal rank fusion algorithm.

3.4 Source task selection experiments

The average performance of selecting the best
source task across target tasks using different meth-
ods is shown in Table 3.7 Here, we provide an
overview and analysis of these results.

Baselines: DATASIZE is a good heuristic when
the full source training data is available, but it
struggles in all out-of-class transfer scenarios as
well as on SL tasks, for which most datasets con-
tain roughly the same number of examples (Ta-
ble 1).! CURVEGRAD lags far behind DATASIZE
in most cases, though its performance is better on
SL tasks in the FuLL — FuLL regime. This indicates
that CURVEGRAD cannot reliably predict the most
transferable source tasks in our transfer scenarios.

TEXTEMB and TASKEMB improve transfer-
ability prediction: Table 3 shows that TEX-
TEMB performs better than DATASIZE on average,
especially within the limited data regimes. Interest-
ingly, TEXTEMB underperforms significantly on
CR tasks compared to QA and SL. We theorize that
this effect is partly due to the relative homogeneity
of the QA and SL datasets (i.e., many QA datasets
use Wikipedia while many SL tasks are extracted
from the Penn Treebank) compared to the more
diverse CR datasets. If TEXTEMB captures mainly
domain similarity, then it may struggle when that
is not a relevant transfer factor.

TASKEMB can substantially boost the quality of
the rankings, frequently outperforming the other
methods across different classes of problems, data
regimes, and transfer scenarios. These results
demonstrate that the task similarity between the
computed embeddings is a robust predictor of ef-
fective transfer. The ensemble of TEXT + TASK

"In the LIMITED settings, we report the mean results
across random restarts.

18 All methods obtain a higher NDCG score on SL tasks in
the FULL — FULL regime because there is little difference
in target task performance between source tasks here (see
Figure 2), and thus the rankings are not penalized heavily.
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FuLL — FULL

FuLL — LIMITED

LIMITED — LIMITED

in-class (10)  all-class (32)

in-class (10)

all-class (32)  in-class (10)  all-class (32)

Method 0 NDCG p NDCG p NDCG »p NDCG »p NDCG »p NDCG
classification / regression

DATASIZE 3.6 804 8.5 74.7 | 3.8 629 9.8 546 | - - - -
CURVEGRAD 5.5 68.6 17.8 649 | 6.4 452 18.8 350 | 5.9 50.8 13.3 42.4
TEXTEMB 52 764 13.1 713 | 3.5 60.3 8.6 524 | 4.8 61.4 13.2 43.9
TASKEMB 2.8 823 6.2 76.7 | 3.4 68.2 8.2 60.9 | 4.2 62.6 11.6 44.8
TEXT+TASK 2.6 833 5.6 78.0 | 3.3 69.5 8.2 62.0 | 4.2 62.7 11.4 44.8
question answering

DATASIZE 3.2 844 138 63.5 | 2.3 77.0 13.6 402 | - - - -
CURVEGRAD 8.3 64.8 15.7 55.0 | 8.2 49.1 16.7 32.8 | 6.8 534 153 40.1
TEXTEMB 4.1 81.1 6.8 79.7 | 2.7 776 4.1 77.0 | 4.1 65.6 7.6 66.5
TASKEMB 3.2 845 65 81.6 | 2.5 78.0 4.0 79.0 | 3.6 67.1 7.5 68.5
TEXT+TASK 3.2 859 54 825 | 2.2 81.2 3.6 82.0 | 3.6 66.5 7.0 69.6
sequence labeling

DATASIZE 7.9 90.5 19.2 91.6 | 43 63.2 203 340 | - - - -
CURVEGRAD 5.6 92.6 14.6 92.8 | 8.0 40.7 179 30.8 | 7.0 532 18.6 40.8
TEXTEMB 3.7 95.0 104 953 | 3.9 65.1 85 61.1 | 5.0 67.2 10.1 63.8
TASKEMB 34 95.7 9.6 952 | 2.7 80.5 4.4 76.3 | 2.5 82.1 55 76.9
TEXT+TASK 3.3 96.0 9.6 95.2 | 2.7 80.3 4.2 784 | 2.5 825 53 76.9

Table 3: To evaluate our embedding methods, we measure the average rank (p) that they assign to the best source
task (i.e., the one that results in the largest transfer gain) across target tasks, as well as the average NDCG measure
of the overall ranking’s quality. In parentheses, we show the number of source tasks in each setting. Combining
the complementary signals in TASKEMB and TEXTEMB consistently decreases p (lower is better) and increases
NDCG across all settings, and both methods in isolation generally perform better than the baseline methods.

results in further slight improvements, but the small
magnitude of these gains suggests that TASKEMB
partially encodes domain similarity. For LiMITED
— LiMITED , Where the DATASIZE heuristic does not
apply, TASKEMB still performs strongly, although
not as well as in the full source data regimes. Fig-
ure 2 shows that TASKEMB usually selects the best
or near the best available source task for a given
target task across data regimes.

Understanding the task embedding spaces:
What kind of information is encoded by TASKEMB
and TEXTEMB? Figure 3 visualizes the different
task spaces in the FuLL — FULL regime using the
Fruchterman-Reingold force-directed placement al-
gorithm (Fruchterman and Reingold, 1991).19

The task space of TEXTEMB (Figure 3, top)
shows that datasets with similar sources are near
one another: in QA, tasks built from web snip-
pets are closely linked (CQ and ComQA), while
in SL, tasks extracted from Penn Treebank are
clustered together (CCG, POS-PTB, Parent, GPar-

' An alternative to dimensionality reduction algorithms for
better preservation of the data’s topology; see Appendix A.2.

ent, GGParent, Chunk, and Conj). Additionally,
the SQuAD datasets are strongly linked to QNLI,
which was created by converting SQuAD ques-
tions. TASKEMB captures domain information to
some extent (Figure 3, bottom), but it also encodes
task similarity: for example, POS-PTB is closer to
POS-EWT, another part-of-speech tagging task that
uses a different data source. Neither method cap-
tures some unintuitive cases in low-data regimes,
such as STS-B’s high transferability to CR target
tasks, or that DROP benefits most from SL tasks in
low-data regimes (see Tables 9, 10, 27, and 28 in
Appendix B). Our methods clearly do not capture
all of the factors that influence task transferability,
which motivates the future development of more
sophisticated task embedding methods.

4 Related Work

We build on existing work in exploring and predict-
ing transferability across tasks.

Transferability between NLP tasks: Sharing
knowledge across different tasks, as in multi-
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Figure 3: A 2D visualization of the task spaces of TEX-
TEMB and TASKEMB. TEXTEMB captures domain
similarity (e.g., the Penn Treebank SL tasks are highly
interconnected), while TASKEMB focuses more on task
similarity (the two part-of-speech tagging tasks are in-
terconnected despite their domain dissimilarity).

task/transfer learning, often improves over standard
single-task learning (Ruder, 2017). Within multi-
task learning, several works (e.g., Luong et al.,
2016; Liu et al., 2019b; Raffel et al., 2020) combine
multiple tasks for better regularization and trans-
fer. More related to our work, Phang et al. (2018)
explore intermediate fine-tuning and find that trans-
ferring from data-rich source tasks boosts target
task performance for text classification, while Liu
et al. (2019a) observe transfer gains between re-
lated sequence labeling tasks. Expanding from
single to multi-source transfer, Talmor and Berant
(2019a) show that pretraining on multiple datasets
improves generalization on QA tasks. Neverthe-
less, exploiting synergies between tasks remains
difficult, with many combinations of tasks nega-
tively impacting downstream performance (Bingel
and Sggaard, 2017; McCann et al., 2018; Wang
et al., 2019a), and the factors that determine suc-
cessful transfer still remain murky. Concurrent
work indicates that intermediate tasks that require

high-level inference and reasoning abilities tend to
work best (Pruksachatkun et al., 2020).

Identifying beneficial task relationships:
To predict transferable tasks, some meth-
ods (Martinez Alonso and Plank, 2017; Bingel
and Sggaard, 2017) rely on features derived
from dataset characteristics and learning curves.
However, manually designing such features is
time-consuming and may not generalize well
across classes of problems (Kerinec et al., 2018).
Recent work on task embeddings in computer
vision offers a more principled way to encode
tasks for meta-learning (Zamir et al., 2018; Achille
et al., 2019; Yan et al., 2020). Taskonomy (Zamir
et al., 2018) models the underlying structure
among tasks to reduce the need for supervision,
while Task2Vec (Achille et al., 2019) uses a
frozen feature extractor pretrained on ImageNet to
represent tasks in a topological space (analogous to
our approach’s reliance on BERT). Finally, recent
work in NLP augments a generative model with an
embedding space for modeling latent skills (Cao
and Yogatama, 2020).

5 Conclusion

We conduct a large-scale empirical study of the
transferability between 33 NLP tasks across three
broad classes of problems. We show that the bene-
fits of transfer learning are more pronounced than
previously thought, especially when target training
data is limited, and we develop methods that learn
vector representations of tasks that can be used to
reason about the relationships between them. These
task embeddings allow us to predict source tasks
that will likely improve target task performance.
Our analysis suggests that data size, the similarity
between the source and target tasks and domains,
and task complexity are crucial for effective trans-
fer, particularly in data-constrained regimes.
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Appendices

A Additional details for experimental
setup

A.1 Tasks & datasets

In this work, we experiment with 33 datasets across
three broad classes of problems (text classifica-
tion/regression, question answering, and sequence
labeling). Below, we briefly describe the datasets,
and summarize their characteristics in Table 4.

Text classification/regression (eleven tasks):
We use the nine GLUE datasets (Wang et al.,
2019b), including grammatical acceptability judg-
ments (CoLA; Warstadt et al., 2019); sentiment
analysis (SST-2; Socher et al., 2013); paraphrase
identification (MRPC; Dolan and Brockett, 2005);
semantic similarity with STS-Benchmark (STS-
B; Cer et al, 2017) and Quora Question
Pairs?® (QQP); natural language inference (NLI)
with Multi-Genre NLI (MNLI; Williams et al.,
2018), SQuAD (Rajpurkar et al., 2016) con-
verted into Question-answering NLI (QNLI; Wang
et al., 2019b), Recognizing Textual Entailment
1,2,3,5 (RTE; Dagan et al., 2005, et seq.), and the
Winograd Schema Challenge (Levesque, 2011) re-
cast as Winograd NLI (WNLI). Additionally, we
include the Stanford NLI dataset (SNLI; Bowman
etal., 2015) and the science QA dataset (Khot et al.,
2018) converted into NLI (SciTail). We report F1
scores for QQP and MRPC, Spearman correlations
for STS-B, and accuracy scores for the other tasks.
For MNLI, we report the average score on the
“matched” and “mismatched” development sets.

Question answering (eleven tasks): We use
eleven QA datasets from the MultiQA (Tal-
mor and Berant, 2019a) repository?!, includ-
ing the Stanford Question Answering datasets
SQuAD-1 and SQuAD-2 (Rajpurkar et al., 2016,
2018); NewsQA (Trischler et al., 2017); Hot-
potQA (Yang et al., 2018) — the version where
the context includes 10 paragraphs retrieved by an
information retrieval system; Natural Yes/No Ques-
tions dataset (BoolQ; Clark et al., 2019); Discrete
Reasoning Over Paragraphs dataset (DROP; Dua
et al., 2019) — we only use the extractive exam-
ples in the original dataset but evaluate on the en-
tire development set, following Talmor and Berant

Phttps://data.quora.com/First-Quora-Dataset-Release-
Question-Pairs
2 https://github.com/alontalmor/MultiQA

(2019a); WikiHop (Welbl et al., 2018); DuoRC
Self (DuoRC-s) and DuoRC Paraphrase (DuoRC-
p) datasets (Saha et al., 2018) where the questions
are taken from either the same version or a dif-
ferent version of the document from which the
questions were asked, respectively; ComplexQues-
tions (CQ; Bao et al., 2016; Talmor et al., 2017);
and ComQA (Abujabal et al., 2019) — contexts
are not provided but the questions are augmented
with web snippets retrieved from Google search
engine (Talmor and Berant, 2019a). We report F1
scores for all QA tasks.

Sequence labeling (eleven tasks): We experi-
ment with eleven sequence labeling tasks used
by Liu et al. (2019a), including CCG supertagging
with CCGbank (CCG; Hockenmaier and Steed-
man, 2007); part-of-speech tagging with the Penn
Treebank (POS-PTB; Marcus et al., 1993) and
the Universal Dependencies English Web Tree-
bank (POS-EWT; Silveira et al., 2014); syntactic
constituency ancestor tagging, i.e., predicting the
constituent label of the parent (Parent), grandpar-
ent (GParent), and great-grandparent (GGParent)
of each word in the PTB phrase-structure tree;
semantic tagging task (ST; Bjerva et al., 2016;
Abzianidze et al., 2017); syntactic chunking with
the CoNLL 2000 shared task dataset (Chunk;
Tjong Kim Sang and Buchholz, 2000); named
entity recognition with the CoNLL 2003 shared
task dataset (NER; Tjong Kim Sang and De Meul-
der, 2003); grammatical error detection with the
First Certificate in English dataset (GED; Yan-
nakoudakis et al., 2011; Re1 and Yannakoudakis,
2016); and conjunct identification, i.e., identify-
ing the tokens that comprise the conjuncts in a
coordination construction, with the coordination
annotated PTB dataset (Conj; Ficler and Goldberg,
2016). We report F1 scores for all SL tasks.
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Task | Train | Task type Domain

text classification/regression (CR)

SNLI (Bowman et al., 2015) 570K NLI misc.

MNLI (Williams et al., 2018) 393K NLI misc.

QQP (Iyer et al., 2017) 364K paraphrase identification social QA

QNLI (Wang et al., 2019b) 105K QA-NLI Wikipedia

SST-2 (Socher et al., 2013) 67K sentiment analysis movie reviews

SciTail (Khot et al., 2018) 27K NLI science QA

CoLA (Warstadt et al., 2019) 8.5K grammatical acceptability misc.

STS-B (Cer et al., 2017) 7K semantic similarity misc.

MRPC (Dolan and Brockett, 2005) 3.7K paraphrase identification news

RTE (Dagan et al., 2005, et seq.) 25K NLI news, Wikipedia

WNLI (Levesque, 2011) 634 coreference NLI fiction books

question answering (QA)

SQuAD-2 (Rajpurkar et al., 2018) 162K QA Wikipedia, crowd
NewsQA (Trischler et al., 2017) 120K QA news, crowd

HotpotQA (Yang et al., 2018) 113K multi-hop QA Wikipedia, crowd
SQuAD-1 (Rajpurkar et al., 2016) 108K QA Wikipedia, crowd
DuoRC-p (Saha et al., 2018) 100K paraphrased QA Wikipedia/IMDB, crowd
DuoRC-s (Saha et al., 2018) 86K paraphrased QA Wikipedia/IMDB, crowd
DROP (Dua et al., 2019) 77K multi-hop quantitative reasoning  Wikipedia, crowd
WikiHop (Welbl et al., 2018) 51K multi-hop QA Wikipedia, KB

BoolQ (Clark et al., 2019) 16K natural yes/no QA Wikipedia, web queries
ComQA (Abujabal et al., 2019) 11K factoid QA w/ paraphrases snippets, WikiAnswers
CQ (Bao et al., 2016) 2K knowledge-based QA snippets, web queries/KB
sequence labeling (SL)

ST (Bjerva et al., 2016) 43K semantic tagging Groningen Meaning Bank
CCG (Hockenmaier and Steedman, 2007) 40K CCQG supertagging Penn Treebank

Parent (Liu et al., 2019a) 40K syntactic tagging Penn Treebank

GParent (Liu et al., 2019a) 40K syntactic tagging Penn Treebank
GGParent (Liu et al., 2019a) 40K syntactic tagging Penn Treebank
POS-PTB (Marcus et al., 1993) 38K part-of-speech tagging Penn Treebank

GED (Yannakoudakis et al., 2011) 29K grammatical error detection misc.

NER (Tjong Kim Sang and De Meulder, 2003) 14K named entity recognition news

POS-EWT (Silveira et al., 2014) 13K part-of-speech tagging Web Treebank

Conj (Ficler and Goldberg, 2016) 13K conjunct identification Penn Treebank

Chunk (Tjong Kim Sang and Buchholz, 2000) 9K syntactic chunking Penn Treebank

Table 4: Datasets used in our experiments and their characteristics, grouped by task class and sorted by training

dataset size.

A.2  Fruchterman-Reingold force-directed
placement algorithm

The Fruchterman-Reingold force-directed place-
ment algorithm (Fruchterman and Reingold, 1991)
simulates a space of nodes (in our setup, tasks) as
a system of atomic particles/celestial bodies, exert-
ing attractive forces on one another. In our setup,
the algorithm resembles molecular/planetary sim-
ulations: the transferability between tasks specify
the forces that are used to place the tasks towards
each other in order to minimize the energy of the
system. The force between a pair of tasks (t1,2) is

1 1

Tty (tl) T—tq (tQ)

defined as: f(t1,t2) = , where

T_+(s) is the rank of the source task s in the list of
source tasks to transfer to the target task ¢.
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B Full results for fine-tuning and
transfer learning across tasks

For both fine-tuning and transfer learning, we use
the same architecture across tasks, apart from the
task-specific output layer. The feature extractor,
i.e., BERT, is pretrained while the task-specific out-
put layer is randomly initialized for each task. All
the parameters are fine-tuned end-to-end. An al-
ternative approach is to keep the feature extractor
frozen during fine-tuning. We find that fine-tuning
the whole model for a given task leads to better
performance in most cases, except for WNLI and
DROP, possibly because of their adversarial na-
ture (see Tables 5, 6, and 7). In our experiments,
we follow the fine-tuning recipe of (Devlin et al.,
2019), i.e., only fine-tuning for a fixed number of
t epochs for each class of problems. We develop
our infrastructure using the HuggingFace’s Trans-
formers (Wolf et al., 2019) and its recommended
hyperparameters for each class.

We show the full results for fine-tuning and trans-
fer learning across tasks from Table 5 to Table 34.
Below, we describe the setting for these tables in
more detail:

In Tables 5, 6, and 7, we report the results of
fine-tuning BERT (without any intermediate fine-
tuning) on the 33 NLP tasks studied in this work.
We perform experiments in two data regimes: FULL
and Livitep . In the FuLL regime, all training data
for the associated task is used while in the LimITED
setting, we artificially limit the amount of training
data by randomly selecting 1K training examples
without replacement, following Phang et al. (2018).
For each experiment in the LIMITED regime, we
perform 20 random restarts (1K examples are re-
sampled for each restart) and report the mean and
standard deviation. We show the results after each
training epoch .

For our transfer experiments, we consider
every possible pair of (source, target) tasks within
and across classes of problems in the three data
regimes described in 2.1.1, which results in 3267
combinations of tasks and data regimes. We follow
the transfer recipe of Phang et al. (2018) by first
fine-tuning BERT on the source task (intermediate
fine-tuning) before fine-tuning on the target task.
For both stages, we only perform training for a
fixed number ¢ of epochs, following previous
work (Devlin et al., 2019; Phang et al., 2018). For
each task, we use the same value of ¢ as in our
fine-tuning experiments.

From Table 8 to Table 16, we show our in-class
transfer results for each combination of (source,
target) tasks, in which source tasks come from the
same class as the target task. In each table, rows
denote source tasks while columns denote target
tasks. Each cell represents the target task perfor-
mance of the transferred model from the associ-
ated source task to the associated target task. The
orange-colored cells along the diagonal indicate the
results of fine-tuning BERT on target tasks without
any intermediate fine-tuning. Positive transfers are
shown in blue and the best results are highlighted
in bold (blue). For transfer results in the LiMITED
setting, we report the mean and standard deviation
across 20 random restarts.

Finally, from Table 17 to Table 34, we present
our out-of-class transfer results, in which source
tasks come from a different class than the target
task. In each table, results are shown in a similar
way as above, except that the orange-colored row
Baseline shows the results of fine-tuning BERT on
target tasks without any intermediate fine-tuning.
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FUuLL LIMITED

Task frozen BERT unfrozen BERT unfrozen BERT

t=1 t=2 t=3 t=1 t=2 t=3  t=1 t=2 t=3
CoLA 00 00 00 |481 513 510 |10+23 40474 47+82
SST2 510 515 519|914 921 919 |615+79 743482 775+63
MRPC 812 812 812|812 824 840 |704+262 81.8+06 81.9+07
STS-B  68.0 683 684 |76.7 854 859 |36+95 228+105 29.9+10.5
QQP 02 139 169|860 870 873 |95+155 12.1+159 257+25.1
MNLI 409 402 40.8 | 83.1 843 842 |33743.1 375+34 387432
QNLI 659 660 660|903 913 914 |580+94 61.0+£99 624495
RTE 538 53.1 513|560 581 60.6|50.7+38 546434 547432
WNLI 563 563 563 |52.1 465 451 | 479456 456460 444+63
SNLI 422 434 449 | 903 908 907 | 402445 451+49 467 +45
SciTail 49.6 49.6 49.6 | 923 937 939 | 525+63 60.1+ 125 64.1+ 13.6

Table 5: Fine-tuning results for classification/regression tasks.
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FULL LIMITED
Task frozen BERT unfrozen BERT unfrozen BERT
t=1 t=2 t=3 t=1 t=2 t=3  t=1 t=2 t=3

SQUAD-1 106 121 13.0 | 868 877 879 | 125+1.0 208446 268+ 6.0
SQUAD-2 498 49.8 498 | 684 704 719 | 500401 50.0+0.1 50.1+0.1
NewsQA 94 104 10.6 | 647 649 641 | 156+-34 265+47 288+49
HotpotQA 59 68 7.0 |66 682 679 | 128424 216439 233 +40
BoolQ 621 622 622|622 664 657 |622+00 622401 622+00
DROP 429 517 541|224 215 224 |68+44  135+100 194+ 118
WikiHop  10.1 114 11.6 | 60.0 623 62.8 | 183440 248449 255-+47
DuoRC-p  42.1 42.1 421|503 503 506 | 421400 422402 41.6+ 1.1
DuwoRC-s 46 56 58 | 662 644 633 |222+11.0 375435 389+33
cQ 154 154 159 | 263 250 305 | 280433 296421 30.7+2.5
ComQA  20.5 205 20.5|533 61.6 632 |33.0+24 360+18 39.1+12

Table 6: Fine-tuning results for question answering tasks.
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FuLL LIMITED
Task frozen BERT unfrozen BERT unfrozen BERT
(=2 t=4 t=6 t=2 t=4 t=6  t=2 (=4 t=6

CCG 397 449 481952 955 956 | 11.1+6.1 452439 532+ 1.6
POS-PTB 617 740 764 | 966 966 967 | 465+28 805+ 1.1 851409
POS-EWT 335 460 49.1 | 962 965 96.6 | 654+30 86806 89.3+0.4
Parent 379 581 615|951 953 954 | 61.1+40 770410 81.9+09
GParent 350 419 434 |91.1 917 919 | 411414 580+17 628+ 13
GGParent 259 309 31.7 | 883 893 895 |256+3.1 379417 433417
ST 512 661 692|955 957 958 | 386+ 1.1 713416 767409
Chunk 119 166 184 | 964 968 97.1 | 68.1+24 850+07 87.740.5
NER 47 77 92 | 938 943 947 | 584+73 735416 774415
GED 168 184 188 | 442 469 466 | 173+12 274+14 291413
Conj 147 198 21.1 | 88.6 899 89.4 | 40.6+60 692424 733+ 1.6

Table 7: Fine-tuning results for sequence labeling tasks.

7899



Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail
CoLA 92.2 86.6 86.4 875 84.2 914 603 549 90.5 93.8
SST-2 542 84.2 86.9 87.0 84.1 913 56.0 535 90.9 935
MRPC 51.0 92.3 87.1 87.1 844 913 61.7 479 90.9 935
STS-B  48.8 91.9 87.3 86.4 84.0 904 650 352 90.9 92.1
QQP 49.4 92.0 87.7 88.5 84.2 90.7 61.7 36.6 909 929
MNLI  50.0 93.5 87.6 87.0 87.1 915 77.6 408 91.2 95.6
QNLI 499 92.5 86.6 88.6 86.6 844 70.4  38.0 91.1 945
RTE 52.1 92.1 83.9 87.0 86.8 844 91.3 50.7 91.0 935
WNLI 54.5 91.7 84.2 84.8 87.0 84.2 914  60.6 90.9 936
SNLI  54.2 93.1 86.8 87.5 86.9 84.6 904 77.6 394 95.2
SciTail  50.8 91.9 82.2 88.1 86.6 843 91.0 693 465 91.0

Table 8: In-class transfer results for classification/regression tasks in the FULL — FULL regime.
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Task  CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

CoLA 4.7 +£82 744+59 820+05 327+106 382+288 393+26 667+61 564+27 40.1+83 474+28 68.6%15.7
SST-2 13+28 775+63 819407 2914127 3314232 436434 664+70 550428 397+£56 493+£28 64.5+149
MRPC 12443 684+113 819107 712+67 5424+220 463+20 735+1.6 592+17 387+£64 S519+£25 847+1.0
STS-B 23+52 758+74 846+05 290+ 105 67.5+14 492412 767+05 622+19 44.6+85 554+17 864+ 1.1
QQP 7.7+9.0 82.0+23 835+12 674+83 25710251 524430 77.0+13 628+£22 364465 564+128 882+14
MNLI 1.0+£22 850+08 840+1.0 673+£63 660+3.6 387132 760+1.6 728+20 394156 79.5+35 855122
QNLI 12427 80.0+89 838+18 683+103 4944263 485433 624495 603+27 392474 563+£32 84.0+39
RTE  52+76 77.1+£80 824+10 4084140 406+304 414153 648295 547132 436+£78 505+£27 713 +167
WNLI 42+78 7424101 819406 3074137 2324246 395426 640483 566422 444163 483+£42 67.9+136
SNLI 15434 859+13 821+09 689+22 646441 703+49 727438 708+49 379+£45 467 +45 82.9+£27
SciTail 6.5+9.5 81.0+£58 83.0+1.1 677+82 588+220 50.6+43 707+59 633+38 423+60 56.1+3.6 6414136

Table 9: In-class transfer results for classification/regression tasks in the FULL — LIMITED regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail
CoLA 4782 748+6.1 819407 2414103 280+£273 384+£32 623+£95 548+30 437+64 47.14+39 652+13.6
SST-2 42473 775+63 819£07 2794108 334+£265 391+34 638+89 559+35 439+64 478+£3.6 653+139
MRPC 25+52 752481 819407 4524118 40.0+£283 412+38 688+58 572+39 41.7+79 513+27 731+148
STS-B  6.7+81 767+68 82.0+£07 299105 43.8+232 439+22 732+11 586426 392+6.1 51.8+27 793+6.6
QQP 32+£54 766+83 821+0.8 357121 2574251 404+41 655+£81 555+£39 397+£86 498+27 693+162
MNLI 37+55 7534+96 821407 357+126 33.6+£30.0 387+32 649+£99 555+35 463+81 493+29 69.8+14.8
QNLI 49487 783+69 81.8+08 3324148 354+280 404+42 0624+95 557+42 431+64 483+3.6 71.6+143
RTE 50£82 774+6.1 821+08 329+141 3554288 404+£43 651+83 54732 43.0+£74 482+3.0 67.6+148
WNLI 38+58 749485 819+06 499+11.7 402+242 426+23 702+£26 579+15 444+63 51.6+3.0 785%09.1
SNLI 46+78 749+95 81.8+05 446+182 39.7+£257 429+28 686+33 59.6+28 394+71 407+45 779492
SciTail 5.8+9.8 775+53 822409 260+11.8 338+324 402+49 648+86 545+28 449+69 472426 o641 +136

Table 10: In-class transfer results for classification/regression tasks in the LIMITED — LIMITED regime.
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Task SQuAD-1 SQuAD-2 NewsQA HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA
SQuAD-1 73.4 65.5 70.1 71.0 26.9 63.7 51.1 62.9 452 64.8
SQuAD-2 87.8 66.3 70.6 74.3 27.7 63.6 51.2 62.9 454 o044
NewsQA  89.0 73.8 69.7 73.0 27.4 63.6 50.7 61.8 412 653
HotpotQA  88.6 72.8 64.8 73.1 26.1 64.2 50.2 62.0 453 633
BoolQ 87.8 70.3 64.5 68.0 222 63.0 50.8 62.1 33.0 63.6
DROP 88.1 71.8 65.6 69.6 69.0 63.7 50.8 63.0 41.5 652
WikiHop 874 69.2 63.7 68.4 68.3 21.8 50.1 61.2 435 653
DuoRC-p 88.1 71.7 64.6 68.4 71.5 23.9 63.3 63.1 44.1 65.1
DuoRC-s  88.5 72.6 64.5 69.0 71.1 24.3 63.9 51.8 43.6 62.1
CcQ 87.6 69.8 64.8 67.9 68.3 22.1 63.1 50.8 63.3 64.6
ComQA 86.7 69.7 63.9 66.4 67.5 21.6 62.4 50.4 63.2 422

Table 11: In-class transfer results for question answering tasks in the FULL — FULL regime.
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Task SQuAD-1  SQuAD-2 NewsQA  HotpotQA BoolQ DROP WikiHop  DuoRC-p DuoRC-s CQ ComQA

SQUAD-1 268+ 60 574+11 57.1+04 509405 622400 168408 381+11 502+09 598+1.0 450+2.1 46.6+1.0
SQUAD-2 86.5+03 50101 57.2+04 512405 622400 260440 377+10 5L0+11 60.6+0.8 445+17 463+07
NewsQA  79.4+07 558+09 288+40 480+05 622+00 160+18 38106 499+0.6 57.9+07 43.0+23 474+ 1.1
HotpotQA 784 +0.4 541+09 528+04 233440 622+0.1 200428 394+08 487+08 555+12 469+2.0 47.9+1.0
BoolQ 266+68 50.1+£00 263+39 31.0+41 622400 153+122 189433 412412 345433 319420 389+ 14
DROP 730404 486+ 17 503404 461404 622400 1944118 357409 478+09 544+10 425+20 451+ 14
WikiHop 509 +23 49.4+07 394+09 386+07 622+0.1 154463 255147 435407 442409 424+18 458+12
DuwoRC-p 751404 514+08 527+04 452407 622400 162+18 370407 416+ 1.1 582+09 422+19 450+09
DuoRC-s  783+04 52.1+10 539+04 466+05 622401 171413 367+07 509+05 389 +33 438+22 456+ 13
cQ 218424 493£06 308+08 253+1.0 622+00 52+05 241428 37211 346+18 307425 41.4+08
ComQA  39.6+38 473+20 372+07 317407 622400 80+68 345+08 384+11 380+1.0 423+16 390+ 12

Table 12: In-class transfer results for question answering tasks in the FULL — LIMITED regime.
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Task SQuAD-1  SQuAD-2 NewsQA  HotpotQA BoolQ DROP WikiHop  DuoRC-p DuoRC-s CQ ComQA

SQuAD-1 268 +60 428429 353+25 315+21 622+00 95405 279432 446+07 429+18 332+18 397+1.0
SQuAD-2 487+ 1.6 50.1 £0.1 399+1.0 343+32 622+00 17.8+56 295+22 450+0.7 46.6+17 322+24 395+1.0
NewsQA  63.8+1.1 458+1.7 288 +49 423+0.5 622+00 172+38 335+08 47.0+0.7 51.0+1.0 38.0+23 427+1.1
HotpotQA 594+ 1.0 465+14 43.6+08 233 +40 622+00 175+7.8 350+0.8 466+0.6 502+09 39.7+17 42.7+14
BoolQ 324+78 50.0+0.1 253+28 260+43 0622 +00 491+144 23.1+44 421+07 354+56 314+25 387+1.1
DROP 285+51 50.1+00 27.6+3.1 227+19 622+0.0 194+ 118 23.6+41 409+09 382+28 323+20 386+14
WikiHop  45.14+25 462+18 397+10 378+10 622+0.0 123+53 255 +47 424409 440+1.6 373+18 424+1.1
DuoRC-p 57.1+1.1 441+19 425+07 39.6+08 620+0.6 202+49 331+£09 416+1.1 480+1.0 364+28 423+14
DuoRC-s 595+ 1.6 447+17 435+05 41.6+0.7 622+00 199+43 332+13 467+09 389+33 352425 41.1+09
cQ 233+28 492+19 275+18 226+1.1 622+00 82+5.1 21.7+29 361+1.7 321+£36 307 +25 408+14
ComQA 300+26 465+35 328+09 272+12 622+00 60+04 31,0+ 1.3 380+12 355+23 357+15 391 +12

Table 13: In-class transfer results for question answering tasks in the LIMITED — LIMITED regime.
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Task CCG POS-PTB POS-EWT Parent GParent GGParent ST  Chunk NER GED Conj
CCG 96.7 96.4 953 91.8 89.6 95.8 97.7 940 458 90.3
POS-PTB  95.7 96.7 95.3 91.7 89.1 957 970 946 465 902
POS-EWT 95.6 96.7 95.5 91.9 89.3 958 97.0 946 46.1 899
Parent 95.6 96.7 96.6 91.9 89.8 95.8 98.0 945 46.6 903
GParent 95.6 96.7 96.6 95.1 90.0 95.8 97.6 94.6 465 91.0
GGParent 955 96.6 96.5 954 91.9 95.8 975 945 465 90.8
ST 955 96.6 96.5 95.1 91.6 89.3 96.9 949 462 887
Chunk 95.6 96.7 96.5 95.2 91.8 89.5 95.7 946 464 89.7
NER 954  96.7 96.6 95.2 91.7 89.1 958 97.0 47.3 903
GED 955 96.7 96.6 95.2 91.7 89.3 958 97.0 94.7 90.2
Conj 954  96.7 96.6 95.4 91.9 89.7 95.8 97.0 945 46.2

Table 14: In-class transfer results for sequence labeling tasks in the FULL — FULL regime.
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Task CCG POS-PTB  POS-EWT  Parent GParent GGParent ST Chunk NER GED Conj

CCG 532416 898+08 91902 87.1+13 745+£05 540+13 840+08 929+0.1 67.9+33 243+14 732+ 13
POS-PTB  72.0+05 85109 939+02 87.7+07 684=10 495+11 863+£02 91.2+05 83312 288+09 69.5+2.0
POS-EWT 68207 885+06 89304 86.4+10 66210 475+12 834+08 91803 8§13+13 291+09 70.9+27
Parent 662+£1.0 88509 926+03 81909 758+07 554+17 824+07 94303 783+40 287£09 765=38
GParent ~ 645+30 87.2:+10 908+03 90.5+£02 628-13 774+06 8L6+06 920+£03 76419 242+17 834+06
GGParent  59.7+3.0 828+17 89803 89404 882x03 43317 787+11 91.0+£04 768+20 19.9+10 851+0.6
ST 724£07 926+04 932+02 87403 712+£07 503£12 767409 9L1+03 87.0+£0.6 29706 66.6+27
Chunk 67.5+£1.0 889+0.6 920+03 90.0+£02 719+08 53.3+12 833+£08 §7.7+05 761+22 287+19 775409
NER 472+£34 831%£13 90.1+06 790+16 627+17 420£34 78015 859+10 774+15 294408 72.6+19
GED 56.1+£1.6 87.0+£07 89.9+04 823+£08 66711 47.1+1.6 802+£07 88204 79.9+15 20113 70.6+24
Conj 48940 84310 89.1+06 795+08 67.9+12 491+19 766+ 14 874+07 77.4+36 28114 73316

Table 15: In-class transfer results for sequence labeling tasks in the FULL — LIMITED regime.
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Task CCG POS-PTB  POS-EWT  Parent GParent GGParent ST Chunk NER GED Conj

CCG 532416 8.6+04 908+04 85.7+03 649414 442438 80.0+14 893402 633+47 278421 663+45
POS-PTB  682+0.8 85109 920+0.1 857405 653417 43.6+24 832406 89.5+03 769422 285418 61.54+99
POS-EWT 66.7+£0.7 887+13 89304 86.0+£09 650£14 430+33 82.6+£09 902£05 77.7+£25 271+£08 57.7+76
Parent 66.0+20 885+09 915+02 819+-09 685+08 47.6+25 805+12 903+03 740+26 29.1+23 66.7+4.0
GParent 637+14 879406 90.7+04 864+05 628+ 13 581+15 800+£09 899+03 701+36 293+1.6 759+2.7
GGParent  59.2+3.1 87.1+14 902+03 84.6+05 71.3£05 433417 784+1.1 892+03 733+26 299+14 77.6+14
ST 67.5+£10 89.6+09 91.7+02 86.1+05 662+£20 462+19 767+09 900+04 775+15 285+15 649+57
Chunk 66.7+£12 887+£09 91.5+02 86.9+04 69.0£1.0 508+12 81.4+£05 87.7+05 71.1+£29 286=£17 726%3.6
NER 50.7+£29 838+15 89.7+£05 79.6+19 631+£17 41.7+24 790+£20 862+13 77415 296£20 699+35
GED 543 +£3.1 854+10 895+05 81.6+12 645+18 452422 780+£10 879+04 787+24 201 +13 752+16
Conj 550+1.8 852+1.1 893+03 81.0+17 656+21 447+21 772+19 873+07 773+34 295+14 73316

Table 16: In-class transfer results for sequence labeling tasks in the
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

Baseline

SQuAD-1 524 92.1 87.0 88.5 87.0 83.8 91.3 646 394 90.7 944
SQuAD-2 47.1 91.9 87.4 87.2 87.1 84.6 91.7 679 45.1 909 94.7
NewsQA 452 91.4 86.9 87.6 869 84.0 91.3 63.2 36.6 904 939
HotpotQA  43.3 92.1 88.6 86.9 86.8 83.8 91.1 66.1 394 90.8 942
BoolQ 51.0 92.1 86.3 85.8 874 839 90.5 59.6 324 90.7 93.7
DROP 53.4 92.3 87.0 87.9 87.1 843 91.1 704 423 90.7 949
WikiHop  49.2 91.9 84.6 86.8 86.8 83.7 90.7 66.1 38.0 90.7 935
DuoRC-p 424 92.2 86.3 87.3 86.7 834 90.9 62.8 36.6 90.5 925
DuoRC-s  48.8 91.5 86.4 87.9 87.1 83.6 90.8 67.1 423 90.6 939
CQ 52.1 91.9 85.4 86.9 86.9 84.0 90.6 68.2 45.1 90.8 93.6
ComQA 49.5 92.4 83.9 86.4 86.9 835 89.4 63.5 33.8 90.6 92.6

Table 17: Out-of-class transfer results from question answering tasks to classification/regression tasks in the FuLL
— FULL regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail
Baseline 47+82 77.5+63 819+0.7 2994105 2574251 387+32 624495 547+32 444+63 46.7+45 64.1+13.6
SQuAD-1 33%55 833+14 834£1.1 721+7.0 478+258 494+23 869+£06 631+£17 41.7+74 538+21 86.6+12
SQuAD-2 29465 838+1.6 821+08 650+12.1 42.14+321 520+64 83.6+22 61.6+22 4444+70 553441 679=+169
NewsQA  1.8+£3.8 814431 836+13 671+£64 522+£251 485+32 7924+60 635+£3.0 435£6.0 543+£25 83.0%8.0
HotpotQA  1.9+43 724483 838+14 497+£109 341+£327 419+28 738+114 587+£3.0 453+£57 51.6+48 7444132
BoolQ 77+93 765+46 81.7+£0.6 494+180 4604253 420+2.1 723+£24 57.6+25 399467 478+43 T724£11.7
DROP 60+88 81.8E£19 824+£0.7 645+104 49.7+262 456£18 789+£12 63.6+19 435+78 527+£25 820+£8.1
WikiHop 03 +23 699+9.1 823407 63.1+£57 575+204 445+15 719+18 621+£22 415+63 532+18 83.0+14
DuoRC-p 09+30 741452 832413 71.0£65 413+£306 441+23 793+44 603£33 454+£6.0 520+2.6 69.7+ 148
DuoRC-s 32+56 785+46 835+15 667+£58 445+£29.6 457+24 825+14 61.1+£22 429+6.6 529+27 7264143
CcQ 56+73 747+£76 81.8+0.7 61.6+93 4264306 448+21 718+£1.6 613+27 396+55 535428 782+11.1
ComQA 1.2+30 721+68 81.7+04 515+19.1 583+139 414+£23 681422 59.0+19 39.6+81 519+17 809+85

Table 18: Out-of-class transfer results from question answering tasks to classification/regression tasks in the FuLL
— LIMITED regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

Baseline 47482 715+63 81.9+0.7 2994105 2574251 387+£32 624+£95 547+£32 444+£63 467+t45 641+£136
SQuAD-1 8.6+10.0 747472 818+07 543+89 385+286 399432 739+21 562+35 458+7.6 484+36 704£137
SQuAD-2 754104 773+£58 81.8+0.8 514+93 3844290 418+25 748+18 569+32 450457 493437 714£153
NewsQA  33+£56 766463 820£07 594+£82 457+£246 423+26 77611 590£27 437+£75 499+26 773+11.2
HotpotQA 5.8 +84 77.8+3.6 81.8+05 632+£85 42.6+28.6 422425 725+56 594=+13 443+77 509+35 758+125
BoolQ 53+73 772+6.1 81.8+0.7 40.6+189 4224282 399+£32 687+£50 565+25 447+79 473438 69.1+£133
DROP 45+£72 781£57 821409 415+11.7 350£272 394£31 674+58 553+£29 413£59 480+40 675+15.0
WikiHop 44+75 785435 819407 469+13.6 375+302 409426 702+1.7 580+£26 435+84 50.0+33 7554135
DuoRC-p 3.6+68 77.0+40 81.7+£06 39.6=£11.1 27.8+254 396430 692+72 565+£32 464+73 479+37 66.7+119
DuoRC-s 3.0+52 758457 819+07 495+£127 29.8+27.6 40.1+33 688+98 559+£25 46.6+8.0 48.0+35 64.6+138
CcQ 27+59 678+£55 82.0+£0.7 6004160 5004208 443+23 71.7+14 603+22 4124+70 51.0+27 758£123
ComQA 31+65 762+53 81.8+0.7 67.7+72 540+153 431+22 740+£16 602419 385+80 51.4+25 803184

Table 19: Out-of-class transfer results from question answering tasks to classification/regression tasks in the LiMm-
ITED — LIMITED regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

Baseline

CCG 46.2 90.5 83.7 86.3 864 834 90.2 61.7 352 90.6 933
POS-PTB  39.7 91.2 85.7 86.2 86.9 829 90.3 61.7 423 90.8 919
POS-EWT 494 92.0 84.6 86.9 87.2 84.1 90.9 63.2 56.3 90.6 929
Parent 47.7 91.9 84.7 86.1 87.0 84.0 90.4 65.3 352 90.8 92.8
GParent 49.9 91.7 83.5 85.9 869 84.0 89.9 60.3 52.1 90.6 929
GGParent 49.2 914 84.3 86.2 869 833 90.9 57.0 43.7 90.3 909

ST 425 91.7 84.3 85.8 86.9 838 90.0 62.8 352 90.7 933
Chunk 48.6 90.9 85.1 86.1 86.9 84.0 91.0 62.1 465 90.8 93.6
NER 52.9 91.1 85.5 86.4 87.0 84.1 909 614 38.0 90.8 933
GED 51.1 91.5 82.7 86.2 872 84.1 90.7 58.1 40.8 90.6  92.8
Conj 534 92.2  86.5 86.5 872 839 904 639 38.0 90.7 94.0

Table 20: Out-of-class transfer results from sequence labeling tasks to classification/regression tasks in the FULL
— FULL regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

Baseline 47+8.2 775+63 81.9+0.7 299+105 257+£251 387+£32 624+95 547+32 444+63 467+45 6414136
CCG 0.0£0.0 576 £32 815£0.6 6364104 572+149 428+£20 732+11 569426 447+77 488+£3.7 7834103
POS-PTB 02+ 1.7 569 +4.0 823+0.6 687+120 529+228 429+1.0 73.0+07 581+17 427473 499423 80.1+82
POS-EWT 09+19 62.6+42 819+04 50.1+123 441+£27.1 420£25 721+10 563+3.1 462+71 489437 78.0+11.1
Parent 101 £56 587429 820407 519+164 513£13.7 435+28 722411 597+£24 425+66 49.7+29 795+£90
GParent 8.1+£7.0 583+£32 81.7+05 424+202 515+£194 420£18 709417 580+32 445+£67 480+32 773+£102
GGParent 6.3 £5.7 549+£23 823+09 307+169 419+247 408+19 68.1+32 573+32 426+80 439+38 748+97

ST 1.3+£25 586+£3.0 823+07 62.1+205 582+155 443+15 71.3+10 574+£20 451+£59 508+15 832+17

Chunk 05+1.6 588+£53 81.8£0.6 37.0+274 51.0+226 435+£22 721+£1.6 551435 462+78 498£3.7 7534131
NER 3.6+£5.6 778 £58 81.7+05 269+188 509+214 426+29 67.8+68 559+21 458+7.1 484430 72.7+147
GED 123+ 11.8 655+80 81.5+04 504+ 11.1 40.7+247 41.1+£20 69.6=+17 569424 392+69 49.0£3.6 699+ 149
Conj 5.6+£83 685+45 821+08 51.6+150 408+30.1 423+30 724+2.1 582+18 427+£57 489+29 748+14.6

Table 21: Out-of-class transfer results from sequence labeling tasks to classification/regression tasks in the FuLL
— LIMITED regime.
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Task CoLA SST-2 MRPC STS-B QQP MNLI QNLI RTE WNLI SNLI SciTail

Baseline 47+82 775+£63 819+0.7 299+105 257+251 387+32 624+95 547+32 444+63 467+45 641+13.6
CCG 02+1.0 579+45 814+04 14+161 306+£28.1 364+32 650£84 532+£40 49.0+6.1 39.0+46 564+£9.6

POS-PTB  03+14 588437 821+0.6 09+121 293+275 379+3.6 63.6+8.1 546+40 457+£76 419+£50 6524138
POS-EWT 03+0.7 600465 81.6£05 4.1+73 2394+253 381+£32 680+40 566424 461+£72 41.0+£43 658+ 14.1
Parent 00£09 626+58 81.5+06 7.7+209 394+29.1 408+32 678+£59 588+3.1 445+77 452444 799+7.7

GParent 1.3£39 60.6+47 81.7+06 220+233 47.1+£273 40.1+28 699+46 56.6+£20 454+70 441+43 725+143
GGParent 1.0£29 645+£52 814+04 11.0£166 403 £30.0 403+32 663+£80 569£3.1 444+£67 464+51 71.0£15.0

ST 07+3.0 592+47 81.6+04 26+11.6 221+241 3724+40 603+83 545+£37 453+62 39.6+43 599+11.7
Chunk 0.0+00 605+38 81.6+05 874248 4724247 406+42 68.6+53 593+2.6 49.7+£82 433+64 T48+120
NER 49+6.1 768+27 81.7+0.6 1454239 4354265 41.8+28 705437 572432 437+68 468+51 70.6+14.1
GED 85+102 745+£87 81.9+06 397+145 33.6+£283 394428 642+£66 560£26 43.6+£62 478+41 69.0=£ 144
Conj 46+65 739+6.0 820+0.6 45.6+14.0 4724274 43.0+2.7 70.7+41 582421 432+£58 49.2+4.0 7464160

Table 22: Out-of-class transfer results from sequence labeling tasks to classification/regression tasks in the LIMITED
— LIMITED regime.
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Task SQuAD-1 SQuAD-2 NewsQA HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA

Baseline

CoLA 87.8 70.1 64.6 68.2 64.9 22.3 62.9 51.0 63.8 30.0 62.7
SST-2 87.7 71.3 64.9 68.3 68.0 22.2 63.1 51.1 63.2 28.1 622
MRPC 87.8 67.7 63.8 66.4 66.4 22.4 62.5 51.0 63.1 269 625
STS-B 87.9 70.1 64.0 66.2 64.9 22.1 63.4 51.0 62.4 29.7 629
QQP 87.9 71.5 64.0 68.8 64.9 22.1 63.2 50.5 62.0 332 614
MNLI 87.4 72.8 64.9 68.7 69.8 22.7 63.3 50.7 62.6 355 o6l.6
QNLI 88.2 73.4 64.7 69.0 66.9 22.5 63.3 50.5 62.8 33.6 62.0
RTE 87.9 71.4 64.0 68.1 64.2 22.8 63.1 50.8 63.7 31.7 62.6
WNLI 87.9 70.3 64.3 67.9 65.3 22.3 62.3 50.7 63.7 32,5 619
SNLI 88.0 74.3 65.1 68.7 68.2 22.4 62.8 50.9 62.9 28.8 62.1
SciTail 87.9 71.3 64.5 69.4 68.3 22.7 63.3 51.0 63.0 33.0 61.6

Table 23: Out-of-class transfer results from classification/regression tasks to question answering tasks in the FuLL
— FULL regime.
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Task SQuAD-1  SQuAD-2 NewsQA  HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA

Baseline 268 £6.0 50.1£0.1 28.8+49 233+40 622+£00 194+11.8 255+47 416+1.1 389+33 307+25 39.1+12
CoLA 262+63 500+01 304+50 242434 622+00 205+£138 273+3.7 422+12 415+£33 312+15 392412
SST-2 224+£6.1 50.1+£00 304439 255446 622+£00 347+143 267+35 418+12 398+£27 309+26 387%15
MRPC  234+48 50.1+£00 257+39 2124+21 622+00 120+£11.1 239433 397+17 350+£53 31.8+23 38.6%1.1
STS-B 341+42 50.0+00 246421 233430 622+00 40.1+20.6 237+45 400+18 355+£23 308+23 382+1.0
QQP 298+£6.6 50.0+0.1 323+36 313+49 622£00 173+£112 230+45 420+14 404£32 331+£20 386+15
MNLI 36.6+26 50.1£00 356+28 27.5+3.0 622+00 152+£92 268+29 427+1.6 405+3.1 327+£23 390%15
QNLI 571 £33 504+05 415+58 343+72 622+£00 31.6+£130 28.0+38 452+17 507+18 329+21 394+19
RTE 259+57 500+£0.1 287+49 218+44 622+00 18.0+£11.6 248+48 415+12 39.1+38 306+18 389+1.1
WNLI 258+£6.1 50.0+0.1 30.14+42 237437 622+£00 160+£100 262+45 41.9+08 392+34 312+22 388+15
SNLI 312+45 500+£0.1 367416 249+3.0 622+00 238+£126 260+26 432+14 413+3.0 320+£20 393+14
SciTail  299+57 50.14+00 287+38 224+36 622+00 3524160 23.1+45 41.1+21 404+37 31.7+19 387+13

Table 24: Out-of-class transfer results from classification/regression tasks to question answering tasks in the FuLL
— LIMITED regime.
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Task SQuAD-1  SQuAD-2 NewsQA  HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA

Baseline

CoLA 273+6.0 50.0+02 293+46 238+42 622+00 17.0+104 250+45 41.8+1.1 401 +31 312+15 393+1.1
SST-2 265+6.0 50.1+£0.1 29.0+46 234+39 622+£00 224+127 255+45 415+1.0 393+£32 309+19 394+1.1
MRPC  234+45 500+0.1 259436 21.2+21 622+00 18.8+123 253+45 412+1.0 367+39 314+23 387+17
STS-B 263+45 50.1+00 246+25 215+15 622+00 268+154 240+45 412+12 367+37 315+2.1 385+13
QQP 19.0+4.0 500+0.1 269428 224+25 622+00 192+113 244+48 414+1.1 373+29 315+21 387410
MNLI 26.7+63 50.0+0.1 282+50 224438 622+00 169+11.0 250+49 416+14 394+36 307+17 387+13
QNLI 308+49 50.1+00 284+52 220+4.1 6224+00 295+163 249+47 415+12 37.7+51 303+29 387+12
RTE 264+56 50.0+0.1 284+45 227+39 622+00 184+11.0 251+52 415+13 394+30 308+21 387+12
WNLI 23.6+4.6 50.1+£00 260+38 21.6+22 622+00 238+135 254+41 412411 371+£29 319+21 389+12
SNLI 236+57 500+01 292445 234+29 622+00 166+10.1 256+39 41.8+1.0 387+3.6 307+21 390+13
SciTail  26.0+6.1 500+0.1 29.8+43 228+40 622+00 196+113 246+49 41.8+1.1 398+32 312+23 388+1.3

Table 25: Out-of-class transfer results from classification/regression tasks to question answering tasks in the Lim-
ITED — LIMITED regime.
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Task SQuAD-1 SQuAD-2 NewsQA HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA
Baseline

CCG 87.0 68.1 63.8 66.3 65.5 22.0 62.2 49.7 62.1 30.5 61.1
POS-PTB 87.4 70.2 62.2 65.8 64.7 21.6 62.2 49.7 63.5 284 62.8
POS-EWT 85.9 66.7 62.6 66.2 65.4 22.0 62.6 50.2 63.8 337 615
Parent 87.4 69.5 64.4 67.9 66.4 219 63.1 51.3 63.3 343 623
GParent 87.6 70.2 64.1 67.9 65.8 22.7 61.9 50.5 62.8 351 622
GGParent  87.7 71.0 64.8 67.1 67.0 21.8 62.1 50.6 61.8 28.8 63.1

ST 87.6 70.7 62.6 68.0 63.7 219 61.7 50.3 63.2 30.2 61.6
Chunk 87.8 69.1 62.3 66.4 65.6 22.5 62.6 51.2 62.9 30.0 61.1
NER 88.1 70.0 63.7 67.0 66.6 22.5 62.6 51.1 63.6 346 62.6
GED 87.5 69.7 65.0 67.8 65.2 22.3 63.0 50.7 62.4 30.5 623
Conj 87.8 70.6 64.7 68.3 66.3 21.8 63.2 50.6 61.8 30.7 64.3

Table 26: Out-of-class transfer results from sequence labeling tasks to question answering tasks in the FuLL —

FULL regime.

7918



Task SQuAD-1  SQuAD-2 NewsQA  HotpotQA BoolQ DROP WikiHop DuoRC-p DuoRC-s CQ ComQA
Baseline

CCG 150+£09 50.14£00 199£25 199+18 622+00 59.7+54 164+17 360+15 261+77 31.1+£29 378+17
POS-PTB  147+08 50.1+00 157+25 154+22 622+00 595+34 178+17 359+20 166+7.6 299+20 372+12
POS-EWT 142+1.1 501+£00 169+24 172+25 622+00 60.0+4.0 229+20 367+25 204+97 322+21 382+14
Parent 19.1+£38 501401 238+17 225+£20 622+00 478+149 222+25 377+17 298+38 320+24 387+ 14
GParent  143+07 501400 234£22 196+20 622+00 495+19.0 190+17 380+20 261+60 31.6+21 38011
GGParent  13.7+04 50.1£00 23.5£27 179+25 622+00 381171 17.1+14 37.9+22 27.0+61 320£22 378+17
ST 128+06 50.1+00 168+33 155+26 622+00 60.0+39 167+13 368+1.6 166+74 294+22 36814
Chunk 208+47 501+£00 225+32 217+41 622+00 525+£129 187+35 37.5+17 286+66 31.7+23 387+14
NER 148+12 50.14£00 260+£40 187+25 622+00 254+202 225+49 385+18 255+98 31.0+£25 378+18
GED 241447 501+£00 273+34 240+41 622400 43.1+146 238+48 41217 37.6+29 318+19 387+17
Conj 29.0+89 500+02 283+38 257+53 622+00 2074155 257+34 409+20 388+30 328+22 389+15

Table 27: Out-of-class transfer results from sequence labeling tasks to question answering tasks in the FULL —

LIMITED regime.
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Task SQuAD-1  SQuAD-2  NewsQA HotpotQA  BoolQ DROP WikiHop  DuoRC-p  DuoRC-s CQ ComQA

Baseline

CCG 1234+ 1.0 50.14+00 150+2.8 125+2.6 622+0.0 61.0+2.0 247+14 405+1.1 80+7.1 307+ 1.8 384409
POS-PTB 124+ 1.1 50.1£0.0 190+26 162+26 622+00 599+59 221+22 390413 234+96 300+21 383+14
POS-EWT 12.1+0.7 50.1£0.0 203+44 182+29 622+0.0 53.8+86 234+22 397+12 21.7+10.7 314+20 382+14
Parent 145+£22 50.1+£00 214427 176+22 622+00 569+107 213+25 388+09 250+94 322422 383+£15
GParent 21.14+52 50.1+00 234+19 196+2.1 622+00 546+89 21.6+26 389+1.6 320+32 329+1.6 389+14
GGParent 31.3+8.0 49.6+09 255+34 232445 622+00 3694199 253+23 402+13 357+22 31.8+26 39.0+1.7

ST 1214+05 50.14+£00 150+35 147+£3.1 622+£00 582+£38 193£20 398+1.7 121+£89 30.1+23 380+13
Chunk 148£3.6 50.1£01 242409 184%£17 6224+£00 459+156 197+£27 394+£1.1 333£28 305+£24 385%15
NER 264+72 501+00 248+27 192+£27 622+£00 399+£175 23.6+£43 399+1.1 321+43 3124+24 384+14
GED 223459 5014+00 289+4.0 23.1+43 622+00 23.1+£122 23.6+£50 41.1+1.1 389+43 314+19 39.1+15
Conj 287457 500401 263+42 23.6+53 622+00 209+16.1 257+33 41.6+14 37.7+45 325+26 387+1.1

Table 28: Out-of-class transfer results from sequence labeling tasks to question answering tasks in the LIMITED —
LIMITED regime.
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Task CCG POS-PTB POS-EWT Parent GParent GGParent ST  Chunk NER GED Conj

Baseline

CoLA 955 96.7 96.7 95.2 91.8 89.4 95.8 97.0 946 46.6 89.8
SST-2 95.6 96.7 96.6 95.3 91.8 89.4 95.8 97.0 946 470 899
MRPC 95.6 96.6 96.6 95.2 91.9 89.4 958 97.0 945 47.0 903
STS-B 954  96.7 96.6 95.2 914 89.2 958 97.0 943 46,5 89.8
QQP 955 96.7 96.7 95.1 91.7 89.3 95.8 97.1 946 464 904
MNLI 954 96.7 96.6 95.1 91.9 89.0 95.7 97.1 946 466 904
QNLI 95.5 96.7 96.7 95.3 91.8 89.6 958 97.0 947 469 89.5
RTE 95.5 96.7 96.6 95.3 92.0 89.5 95.8 96.9 947 474 89.7
WNLI 955 96.7 96.5 954 91.8 89.5 95.8 97.0 945 463 894
SNLI 955 96.7 96.7 95.2 91.8 89.3 95.8 97.0 943 463 89.7
SciTail 95.5 96.7 96.7 95.2 92.0 89.4 958 97.0 945 462 89.5

Table 29: Out-of-class transfer results from classification/regression tasks to sequence labeling tasks in the FULL
— FULL regime.
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Task CCG POS-PTB  POS-EWT  Parent GParent GGParent ST Chunk NER GED Conj

Baseline

CoLA 489+32 839+09 888+0.6 799+09 632+10 424+15 752+15 87.14+06 773+23 268+2.1 71.6+2.6
SST-2 500+22 835+1.1 884+07 79.0+10 61.8+16 425+24 757+1.1 869+07 786+18 273+0.7 733+14
MRPC 530+1.7 848+09 893+05 808+13 623+£15 427+17 768+0.8 874+£05 772+25 279+26 727+18
STS-B 566 £1.5 86.6+09 904+04 819412 614£17 420+£28 77.7+09 87.9+06 721+44 29.1+32 72.1+£28
QQP 503+£33 83.6+09 888+05 803+12 62112 432+14 751+12 86.7+£07 788+14 265+1.1 715+£1.6
MNLI 501+1.8 825+10 886+05 796+08 614+12 419+20 747+14 86.5+06 798+1.6 27.0+06 742+14
QNLI 495+32 835+1.1 8.0+04 803+1.0 63.1+13 419+20 760+08 87.1+0.8 80.7+1.6 27.0+09 752+13
RTE 513+30 844+10 889+04 80.7+12 628+14 429+18 761+10 875+£05 77.3+19 28.0+1.8 73.7+2.1
WNLI 533+15 848+10 893+04 81.7+12 625+14 427+19 764+09 87.7+£05 765+20 288+14 732+1.7
SNLI 520+26 837+10 88.6+05 8l1.1+10 627+£10 424+21 761+13 873+£06 79.1+21 280+0.8 73.8+12
SciTail 51.8+25 844+10 89.1+£03 80.6+1.1 640+13 435+21 763+1.1 87.7£05 77.6+18 288+14 752+1.7

Table 30: Out-of-class transfer results from classification/regression tasks to sequence labeling tasks in the FULL
— LIMITED regime.
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Task CCG POS-PTB  POS-EWT  Parent GParent GGParent ST Chunk NER GED Conj

Baseline 532 +16 851+09 893+04 819+£09 628+13 433+1.7 767+£09 87705 774+15 29.1+£13 733+1.6
CoLA 539+14 853+08 894+05 83+10 633+15 434+17 77.8+25 878+04 77.7+26 293+14 740+14
SST-2 540+22 8524+09 894+04 821+1.0 634+20 438+19 769+08 87.8+0.7 779+19 289+13 742+1.1
MRPC  519+22 848+16 89.0+05 81.0+12 631+14 433+18 763+10 87.6+04 774+£22 286+16 73.7+20
STS-B 535+£27 851+09 895+04 813+£1.6 629+20 434421 77.1+08 87.6+06 77.8+17 288+£22 727+22
QQP 525+1.7 8444+10 888+05 81.2+1.1 63.6+20 431+18 762+09 875+08 77.7+£20 286+15 743+14
MNLI 533+£31 848+10 894+04 81711 628+14 430+18 77.1+17 87.8+05 774+£21 284+£16 734£18
QNLI 534+16 8.7+15 89.6+03 82.1+10 632+14 440+26 77.1+10 87.8+04 78.6+29 291+t14 73.6=+21
RTE 525+16 845+09 89.0+£05 8l12+1.1 63.0£14 434+20 763+09 874+£04 773+£20 287+14 742+2.1
WNLI 531+1.7 847+09 892405 815+1.7 628+14 443+24 766+09 87.7+07 77.6+24 291+14 733£19
SNLI 520+21 844412 889+04 809+13 622+14 427+19 759+1.1 87.6+09 772+£22 287+17 73.0£20
SciTail 528+ 15 848+08 89.0+£04 814+£17 635+£13 439+£19 765+09 874405 774+21 288+15 741+1.6

Table 31: Out-of-class transfer results from classification/regression tasks to sequence labeling tasks in the LIMITED
— LIMITED regime.
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Task CCG POS-PTB POS-EWT Parent GParent GGParent ST  Chunk NER GED Conj

Baseline

SQuAD-1 954 96.7 96.7 95.3 91.8 89.5 95.8 97.1 94.8 46.7 90.3
SQuAD-2 954 96.7 96.6 95.3 91.8 89.4 95.8 97.1 945 464 89.9
NewsQA 955 96.7 96.4 95.3 91.6 89.2 95.8 97.0 944 456 90.0
HotpotQA 954  96.7 96.3 95.1 91.7 89.1 95.8 96.9 945 458 90.0
BoolQ 955 96.7 96.6 95.3 91.7 89.5 95.8 96.9 947 47.2 894
DROP 955 96.7 96.7 95.3 91.7 89.4 95.8 97.1 945 47.1 90.0
WikiHop 955 96.7 96.2 95.2 91.5 89.0 95.8 96.8 945 46.8 88.8
DuoRC-p 954 96.7 96.4 95.4 91.7 89.4 95.7 96.9 944 462 89.7
DuoRC-s 955 96.7 96.6 95.3 91.8 89.3 95.8 97.1 949 46.5 90.0
CQ 954 96.7 96.6 95.3 91.6 89.3 95.8 96.9 945 469 89.7
ComQA 955 96.7 96.5 95.1 91.7 89.3 95.7 96.8 941 46.6 89.2

Table 32: Out-of-class transfer results from question answering tasks to sequence labeling tasks in the FuLL —
FULL regime.
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Task CCG POS-PTB  POS-EWT Parent GParent GGParent ST Chunk NER GED Conj

Baseline 532416 85.1+09 893+04 819+09 628+13 433+17 767409 87.7+05 774+15 29.1+13 733+ 16
SQUAD-1 57.5+11 867407 903+03 835407 67.2+10 487+15 794+08 8§87+03 842+17 279+1.1 77.6+1.0
SQUAD-2 568+ 1.4 859408 89.9+04 827407 663+1.0 472+13 787+07 882+05 837+15 286+12 756+ 1.8
NewsQA 556422 852409 893+04 813414 641412 463+20 784+07 87.5+05 8L.0+17 27.0+09 733+1.0
HotpotQA 47.3+4.1 81913 880+06 77.5+£1.0 626=1.1 41.7+19 747+14 86.1+05 760+£29 267+07 69.0+2.1
BoolQ 508438 841414 88.6+05 803+14 608+12 422+22 756+17 872406 741424 258+28 738+ 1.6
DROP 561+12 869+11 90.6+03 826+09 661408 473+16 80.2+0.9 884+05 823+15 297+10 763+ LI
WikiHop 533+ 1.8 834+ 1.1 88.6+05 793+09 605+ 1.1 422422 772412 863+11 77.5+21 289+ 14 66.3+28
DuoRC-p 532424 840413 891407 80.1+1.0 626+12 430+18 762+ 1.1 87.0+£08 79.0+25 264+15 715+2.1
DuoRC-s  554+2.1 848+09 89.5+04 81.0£09 643+1.1 438+19 773+£09 87.6+£05 81916 285+09 729+19
cQ 541414 854412 892+03 80.6+11 655409 472+16 778+ 11 87.5+£07 759417 30.6+11 729+12
ComQA  53.0+2.1 819414 872+10 79.0+1.6 618+10 443+17 754+15 866+10 71.7+28 272+13 688+19

Table 33: Out-of-class transfer results from question answering tasks to sequence labeling tasks in the FuLL —

LIMITED regime.
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Task CCG POS-PTB  POS-EWT Parent GParent GGParent ST Chunk NER GED Conj

Baseline 532+1.6 851+09 893+04 819+09 628+13 433+17 767+09 87.7+05 774+15 291+13 733+1.6
SQuAD-1 562+14 864406 90.1+04 83.0+£07 640+21 457+£27 784+06 884+0.5 769434 303+£10 745+15
SQuUAD-2 564+09 868+£06 903+05 831+0.7 63.7+1.1 451+23 787+0.6 883+04 77.0+32 305+09 750+2.0
NewsQA  547+1.1 862+10 900+04 824+08 647+10 462+38 785+06 882+04 805+27 309+£10 735+2.1
HotpotQA 557+39 857+09 898+04 813+1.0 651+09 464+20 790+16 881+04 820417 31.6+1.0 743+15
BoolQ 534+25 855+08 895+04 807+1.1 632+1.1 43.0+31 765+14 87.6+04 71.7+40 285+13 746+12
DROP 5424+24 853+1.0 895+05 825£1.1 634£12 442£19 77.6£09 83.0£05 794£29 290£10 741£12
WikiHop 556+ 1.8 8744+0.8 905+03 829+12 648+07 454+22 801+09 883+06 813+1.6 31.6+£09 734+18
DuoRC-p 565+1.1 875+1.0 904+07 829+05 644+09 461+31 796+06 884+03 80.7+15 31.7+£0.7 736+14
DuoRC-s  55.7£32 86.7+£07 90.0£05 822+08 644+20 452+17 785+0.8 882+05 804+14 299414 734140
CcQ 515+25 846+0.7 892+0.6 814+17 650+£13 457+18 765+1.1 873+07 767+19 308+13 705+24
ComQA 543+15 854414 895+07 818+13 642415 468+21 775+14 884+04 793425 291+21 724423

Table 34: Out-of-class transfer results from question answering tasks to sequence labeling tasks in the LIMITED —
LIMITED regime.
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