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Abstract

Humans can perform unseen tasks by recalling relevant skills acquired previously
and then generalizing them to the target tasks, even if there is no supervision at all.
In this paper, we aim to improve this kind of cross-task generalization ability of
massive multi-task language models, such as TO and FLAN, in an unsupervised
setting. We propose a retrieval-augmentation method named ReCross that takes a
few unlabelled examples as queries to retrieve a small subset of upstream data and
uses them to update the multi-task model for better generalization. ReCross is a
straightforward yet effective retrieval method that combines both efficient dense
retrieval and effective pair-wise reranking. Our results and analysis show that it
significantly outperforms both non-retrieval methods and other baseline methods. !

1 Introduction

Advances in pre-training techniques for large language models (LMs) have considerably improved
natural language processing (NLP) models on various important tasks via fine-tuning with labeled
data. While these fine-tuned models are impressive in their target tasks, they can hardly generalize
to unseen tasks. This thus makes it difficult to approach the general linguistic intelligence that we
ultimately want an NLP model to enjoy. A promising avenue is to train a massively multi-task
model that learns a large set of NLP tasks. However, in real-world applications, users often expect a
multi-task NLP model can also perform unseen tasks that they are interested in. These users may
only be able to provide a few unlabeled examples (i.e., the input-only data) of the target tasks with
natural-language instructions. How can we generalize the multi-task model to unseen tasks without
labels? This desirable ability is dubbed “unsupervised cross-task generalization.”

Recent studies show that multi-task prompted training makes language models better in cross-task
generalization, especially when natural-language instructions are used for formatting the training
data (Ye et al., 2021; Sanh et al., 2021; Wei et al., 2021). The general recipe is to first fine-tune a text-
to-text language model such as TS (Raffel et al., 2020) on a multi-task mixture of diverse NLP datasets
that are converted to sequence-to-sequence formats. We use the term upstream learning to refer to
this multi-task training stage. Given a target task that is unseen during upstream learning, we want the
upstream multi-task model to also perform well on it via reusing the previously acquired knowledge.
FLAN (Wei et al., 2021) and TO (Sanh et al., 2021) both use natural language (NL) instructions as
prompts to reformat the data of various NLP tasks for upstream learning and generalization. Their
results suggest that NL instructions are keys to unsupervised cross-task generalization.

Despite of the exciting results from Wei et al. (2021) and Sanh et al. (2021), their studies are limited
to the analysis of the task generalization performance of the frozen, target-agnostic upstream models
(i.e., FLAN and TO). We argue that the generalization performance can be further improved if we
can exploit the unlabeled data of target tasks as hints for adjusting the upstream model to a more

'Our data, code, and supplementary materials are at https://inklab.usc.edu/ReCross/.
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Figure 1: The unsupervised cross-task generalization problem. In the upstream training stage, we
train a multi-task NLP model, M, with a diverse collection of upstream tasks. In the generalization
stage, given an unseen task /; with a few unlabeled examples ();, we want to update the upstream
model (via retrieval augmentation) such that it can generalize to the target task.

dedicated, target-aware model. Intuitively, the upstream examples that share similar skills with the
target task should help the task generalization if the upstream model could recap these skills via
retrieving. Motivated by this idea, we propose to further improve the cross-task generalization ability
of upstream models via retrieval augmentation from the upstream data.

The key challenge of such retrieval augmentation is to predict the example-level utility for cross-task
generalization, which we introduce with details in Sec. 2. To address the challenges, we present a
two-stage retrieval-augmentation framework, ReCross, for unsupervised cross-task generalization
in Section 3. Specifically, we pre-compute a dense index by encoding all upstream data as dense
vectors. Given a set of unlabeled examples, we first use them to retrieve an initial set of upstream data
by using encoded queries to efficiently search over the dense index. Then, we apply the reranking
module to carefully analyze the utility of each candidate example. To get such a reranker, we fine-
tune a cross-encoder model with distant supervision mined by a novel algorithm. Finally, we take
top-ranking retrieved data to fine-tune the upstream model for a few steps and use this updated model
for inference on the target task in the future (i.e., the retrieval augmentation and model update is a
one-time procedure for each unseen task).

To more efficiently evaluate generalization methods without losing the generality, we train a variant
of TO-like models, named BARTO, which has comparable performance with TO-3B yet is 8x smaller.
Our extensive experiments show that the proposed ReCross outperforms the baseline methods by a
large margin. For example, ReCross improves the non-retrieval methods by 4 points on the overall
performance of 10 target tasks and similarly on a few BigBench tasks. We also analyze the distribution
of the retrieved data to understand the behavior of retrieval-augmentation methods better and find
that ReCross has a very different distribution compared to semantic retrieval baselines.

2 Problem Formulation

Massively Multi-Task Language Models. To build a general NLP model that can serve a wide
range of real-world downstream applications, it is important to train a massively multi-task upstream
model. We assume there are NV different upstream tasks (e.g., sentiment analysis of IMDB reviews),
dubbed as {T7,...,Tn}. We use D to denote the collection of all labeled data for these upstream
tasks (i.e., the upstream data), which are then used for training a massive multi-task model M
(e.g., BART, TS5, and other Transformer-based models). The datasets of these upstream tasks are
all converted to a shared rext-to-text format using natural-language instruction templates such as
PromptSource (Bach et al., 2022) to reformat data of different NLP tasks. This pipeline has become a
common approach, adopted by several recent massive multi-task models for NLP, such as TO (Sanh
et al., 2021), FLAN (Wei et al., 2021), and CrossFit (Ye et al., 2021).

Unsupervised Cross-Task Generalization. In real-world scenarios, it is very common that users
to want a general multi-task model to perform tasks of their interest, even if their target tasks are never
seen before by the upstream model. For these unseen target tasks, users usually can provide only a
few unlabeled examples (i.e., the input-only data) of them for specifying the task instructions. This is
the reason why we need to study how to generalize a multi-task LM to unseen tasks with only a few
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Figure 2: ReCross is a retrieval-augmentation method for unsupervised cross-task general-
ization. We reuse the encoder layers of the upstream model (green) to build a dense index, which
consists of vectors of the upstream examples D. We also propose an algorithm to generate distant
supervision for training a reranker, which takes a pair of examples as input and outputs a score.
During the evaluation, we encode query examples (); for querying the index to get initial ranking
results R/, and then pair them with the queries again for reranking. Finally, we take the top-K results
(i.e., R) for generalizing the upstream model M to the unseen task 4.

unlabeled examples, i.e., unsupervised cross-task generalization. For instance, in Fig. 1, the unseen
task U; is a coreference-resolution task that is not covered by the upstream training (the top-right box
in Fig. 1). We have only a few inputs for it as the “hints” for cross-task generalization, which we call
query examples ;. Our objective is to use the query examples (; to enhance the performance of
upstream model M on the unseen task U;. For evaluating such unsupervised cross-task generalization
methods, we test the enhanced model with a held-out labeled data of each target task.

Challenges. Standard fine-tuning approaches (with or without meta-learning designs) for few-shot
cross-task generalization are not feasible here. We have to adjust the upstream model based on only a
few input-only examples for the unseen task. Intuitively, upstream examples that share similar skills
with the target task {/; should be more beneficial than other upstream data. Thus, one naive idea is to
first estimate the utility of each upstream example for I/; and then re-train a dedicated model M; via
a weighted learning method (e.g., examples of more utility are trained with larger loss).

However, such a target-aware weighted re-training method cannot scale, because the upstream data
is usually very large and there can be a large number of unseen tasks from users in real-world
applications. In addition, it is particularly challenging to estimate the utility scores of upstream data
for a given unseen task, as we do not have ground-truth annotations for learning this. Although there
are some existing studies on task-to-task relatedness and transferability (Vu et al., 2020; Lange et al.,
2021; Padmakumar et al., 2022), most of them are not designed for unsupervised settings and few are
done with multi-task (prompted) upstream models. Moreover, these prior analyses are mainly limited
to the task-level analysis and they may not directly generalize to studying example-level utility, which
is particularly important for the problem setup of this work.

3 ReCross: Retrieval Augmentation for Cross-Task Generalization

3.1 Overview

To address the above challenges for unsupervised cross-task generalization, we propose a retrieval-
augmentation method named ReCross. The ReCross method is also based on the simple idea that we
should exploit the upstream examples that enjoy better utility for a given unseen target task. Instead



of costly re-training from scratch, our method first retrieves a small subset of the upstream data for
each unseen task. It then uses them to efficiently fine-tune the upstream model such that the updated
model is generalized. This can ensure scalability to a great extent and benefit upstream models from
re-learning target-specific acquired knowledge for cross-task generalization.

Ideally, we aim to retrieve the upstream examples that are the most beneficial ones for generalizing the
upstream model towards a particular unseen task — ranking the upstream data by their example-level
utility. To achieve this goal while preserving the efficiency, we first use the query examples to retrieve
initial candidates via efficient maximum inner product search (MIPS) over a dense index, which
consists of embedding vectors of all upstream examples (Section 3.2).

Based on the candidates from dense retrieval, we learn a reranking module for further improving the
retrieval results (Section 3.3). The reranker is based on the cross-encoder architecture that takes a
query-candidate pair of examples and outputs a more curated score of utility. Recall that we do not
have any annotation for such example-level utility scores, and the only allowed resources are the
upstream data and model. Therefore, we propose an algorithm to mine distant supervision from the
upstream data for learning the reranker (Section 3.4). The overview of ReCross is shown in Fig. 2.

3.2 Dense Retrieval

To efficiently estimate the example-level utility for generalization, we propose to first employ a dense
retrieval module that ensures high scalability. Specifically, we build a matrix D € RIP1*4, where
each upstream example in D is encoded with a dense vector. Based on this dense index, we can now
estimate the utility of an upstream example with its cosine distances to the encoded query examples
in . That is to say, the upstream examples that are the nearest neighbors of query examples, are
more likely to be beneficial for generalizing the upstream model M to the unseen target task.

To retrieve the candidate set R’, we use MIPS to search for the top-K examples for each query
example in @, so K = [|R'|/|Q[]. (We introduce the details and other aggregation strategies in
Appendix.) This dense-retrieval process is very efficient as we pre-compute the upstream index and
perform MIPS for querying the candidates over the index on-the-fly during the generalization stage.
We use the FAISS library (Johnson et al., 2019) in our implementation.

Instance embeddings. The example encoder is a key component of the dense-retrieval pipeline. An
ideal example encoder is supposed to represent the underlying skills behind an example such that we
can use the distances in the result embedding space to estimate utility for cross-task generalization. As
we do not have annotations of utility scores for training an encoder, one may want to use pre-trained
sentence embedding models such as SentenceBERT (Reimers and Gurevych, 2019). Our empirical
results show that such semantics-based encoders cannot lead to much improvement over random
retrieval results. We think there are two reasons for this failure. First, the semantic similarities
between examples are not suitable for estimating the utility for generalization. Second, the external
encoding modules do not reflect the nature of the upstream model which we want to generalize.

To address these two issues, we propose to use the encoding layers of upstream model M for
computing the example embeddings. Without loss of generality, let us assume M to be a text-fo-text
Transformer that has multiple layers for both encoders and decoders such as BART. We encode an
example by first obtaining the hidden representation of each token at the last encoder layer (i.e.,
a sequence of token vectors), and then performing mean-pooling over them to get a single dense
vector to represent this example. By doing this, the produced example embeddings reflect the internal
features of the upstream model, which are more relevant to the “thinking process” of the upstream
model for the examples instead of the shallow semantic information.

3.3 Reranking Module

Weakness of the dense retrieval. Although dense retrieval is very efficient thanks to the MIPS
support, the retrieval performance is limited by its two major weakness. First, it is a dual-encoder
architecture that encodes the candidate example and the query example separately, which ignores
informative features behind token-to-token attention across a pair of examples. Second, it is too costly
to frequently update the example encoder, which prevents us from learning to refine the retrieval
results with distant supervision (if any). Therefore, we design a re-ranking stage where we train a
cross-encoder to further enhance the dense-retrieval results with mined distant supervision (Sec. 3.4).



Encoding query-candidate pairs. The cross-encoder architecture has been widely used in sentence-
pair classification tasks such as natural language inference and paraphrase detection. We here use a
cross-encoder to encode the concatenation of a query example and a candidate example. Specifically,
we fine-tune a RoBERTa (Liu et al., 2019) model to classify whether an example pair is a positive or
negative match. The confidence of classifying such a pair to be positive can thus be used as the utility
score of the candidate upstream example for this query example. On top of this, we then develop a
reranking module for further improving retrieval performance as follows.

Scoring paired data. To re-rank the initially retrieved data by the dense retriever, we apply the
cross-encoder on all pairs of query examples () and candidate retrieved examples R’, producing
scores of all |Q| * |R|’ query-candidate pairs. For each candidate example € R’, we use the average
of all cross-encoder scores involving r as its utility score. Finally, we take the top-K examples based
on this new ranking of candidate examples in R’ as the final retrieved data R. We use upsampling
ratio i to denote the ratio between R’ and R, i.e., u = |R'|/|R).

3.4 Mining Distant Supervision for Reranking

How do we train such a re-ranking module? Recall that we only have access to the upstream data
D and must not use any data from the unseen tasks at this stage. Inspired by meta-learning works,
we propose an algorithm (Alg. 1) to mine distant supervision data for creating a training-as-testing
environment for learning the reranker. Our key motivation is to examine the utility scores of candidate
examples by assessing the generalization performance of updated models that are fine-tuned with
these candidates as if we use them for real unseen tasks. Such more realistic estimation of utility
scores can thus help us train a reranker to predict.

Algorithm 1: Distant Supervision Creation Specifically, we define a data point of such dis-
Input: M; D; 7, tant supervision as a tuple Z = (Z,, Z,, Zy):
Output: Z= ’( qu, Zp, Zn) 1) Z, is a set of query examples of a particular

task 74; 2) Z, is the set of positive examples
from other tasks; 3) Z,, is the set of negative
examples from other tasks. We expect that Z,, is
of more utility for generalization than Z,, if Z,

D7, + {x € D|x is an example of 7,}
Z4 < Sample(D7,); Hy < Sample(D7,)
Rz < DenseRetrieve(Zg, D)

/* Delete retrieved examples from the same task as queries. */

Ry « Ry. discard(D, ) Wguld be a query set for the target task 7,. To
foreach round do this end, we first randomly sample an upstream
Rz.shuffle() task 7, and use a small subset of its training

/* Split retrieved examples into n. groups */ data as the Z,. Here, we also sample a larger
{G1,...,Gn} + Rz.split() held-out set H, examples of task 7, to facilitate
foreacl} Giin{G1,...,Gn} do utility estimation. Then, we apply the dense re-
M/ < M. copy() triever using Z, as the query examples and get

M’ fine_tune(G;) the retrieval results Rz. This R is thus the can-

£+ M’ calc_loss(Hy)
foreach z € G; do
L scores|z]. append(£)

/* Score each in the group w/ the loss. */

didate pool where we create Z, and Z,,. That is,
Z, C Rz and Z,, C Rz. We discard examples
that are from the 7, so that the generated tuples
B are closer to the real scenarios where we use the
/* Use mean group score as score for single examples */ reranker on the query sets of unseen tasks.
foreach x € Rz do

| scorelz] < mean(scores|x])

Our criteria to select Z, and Z,, from Rz is
motivated by the hypothesis that a more suitable
R i . . set of retrieved examples should improve the
z.sort(key: score, order: increasing) . ca
7, « First W items of Ry performance /\/l on.ﬂ after fine-tuning with it.
7., < Last W items of Ry Therefore, we iteratively sample a small subset
from Rz, then fine-tune M with it, and finally,
use the fine-tuned model to evaluate on Z; . The performance of such a temporarily fine-tuned model
can be seen as the utility score—how well this subset can help generalize M to the unseen task 7j,.
Through multiple rounds of such sample-train-test procedures, we can thus score each example in
Rz by taking the average of all test results where it is involved. With such a new ranking of examples
in Rz, we take the best W examples as Z,, and the worst W as Z,,.

/* Sort Rz by score in increasing order. */

With such distant supervision, we then can create pair of query-positive instances and query-negative
instances via pairing Z, with Z,, and Z,, respectively. Now we can fine-tune a RoBERTa-base model



by concatenating each pair and learning a binary-classification objective. The output logits of this
trained model will be used for the reranking procedure as shown in Sec. 3.3.

3.5 Re-learning via Fine-Tuning with Retrieved Data

When we have the final retrieved data R; for a certain query set (J;, we can now enhance the upstream
model M for the unseen task I/;. We use a small learning rate to continually fine-tune M with the
retrieved upstream examples R; for a small number of steps. We find that the learning rate has to be
very small so that this step can be seen as a natural continuation of the finished upstream training and
avoid overfitting the retrieved data. We acknowledge that there could be more effective methods to
reuse the query examples () as guidance for fine-tuning, and we leave this as future work. Please find
more discussion on the hyper-parameter selection and configuration in our appendix.

4 Evaluation

In this section, we first introduce the experimental setups, including the task distribution, upstream
learning details, and the configurations of the main experiments. We present experimental results and
reveal some non-trivial findings with extensive analysis that justify the effectiveness of ReCross.

4.1 Evaluating Unsupervised Cross-Task Generalization

We follow Sanh et al. (2021) to use the templates from PromptSource (Bach et al., 2022) for converting
data of different types of NLP tasks to text-to-text formats. In total, we have 36 upstream tasks and
10 target unseen tasks for our main experiments. The upstream tasks are the same as the ones that the
TO models used for upstream learning. We follow the evaluation protocol proposed by Sanh et al.
(2021) and select the target tasks that are significantly different from the upstream tasks. Besides, we
also include 5 additional tasks from the BIG-bench project (Srivastava et al., 2022) to create an even
more out-of-distribution set of unseen tasks for analysis.

Metric. When we apply the natural-language templates for the test examples, we only keep the
templates that can be evaluated with an exact match (classification, question answering, answer
selection, etc.) so that it is feasible to use exact-match for evaluating all tasks. To allow a smoother
grading, our metric also counts the cases when outputs and truths are sub-strings of each other, which
we call SoftEM. The only difference between SoftEM and the standard EM is that it also counts
the sub-string matches. We observe that sometimes even though TO-like models (including ours)
answer the input questions correctly, their raw outputs are not exactly the same as the truth outputs
generated by the PromptSource templates. In particular, the ground-truth outputs for multiple-choice
QA tasks are often in the form of “[A/B/C/D]: [answer]”, while the models often only output the id
of the correct choice (e.g., “A”) or the text of the answer. We also find that the model can output
some noise (such as additional punctuation) after the answer (e.g., “True” vs “True.”). The standard
EM will discard such matches and cause inaccurate measurements. Although SoftEM might add
false positives due to substring matches, we found it is very rare according to our manual inspection
of the 10 tasks. Therefore, we choose to use SoftEM for a more precise evaluation. We report the
results with the standard EM in Table 7 that also supports our findings.

4.2 BARTO: Upstream Learning with a Smaller LM

The TO(pp) models are all very huge, and the smallest version, TO-3B (3 billion parameters), is still
too large to be fine-tuned on popular affordable GPUs. We need a parameter-efficient alternative
that makes the study on cross-task generalization more accessible to a broader community while
keeping the generality. Thus, we fine-tune a BART-large (Lewis et al., 2020a) (0.4 billion parameters)
following the recipe of training TO. Specifically, we sample 50k examples at most from each upstream
task to build a large upstream dataset consisting of 1.7 million examples (i.e., |D| = 1.7m), and then
we fine-tune a BART-large with 22k steps with this upstream dataset. Finally, we use the fine-tuned
checkpoint as our upstream model M and name it BARTO. Surprisingly, we find that BARTO and
TO0-3B have comparable zero-shot performance on the unseen target tasks, even though T0-3B is
about 8x larger than BARTO. More implementation details are shown in Appendix.

4.3 Setup and Configurations

In our main experiments, we use |(Q;| = 16 query examples for each unseen task {; and retrieve |R;|
= 512 examples for augmenting BARTO. In the fine-tuning stage, we use a learning rate of le-6 and a



Target Task ‘ TO0-3B ‘ BART0 H Random ‘ SBERT ‘ ReCross' ‘ ReCross H A
anli_r3 26.00 30.50 35-34i1.52 32.64i2'53 36.7010'53 35.76i0.90 5.26
h—swag 34.40 39.40 33.845:5‘59 30-92:|:7.82 4’4-36:i:3.07 47-28i2.95 7.88

cb | 53.93 39.64 47.0741.25 | 48.0043.28 | 44.5014.20 | 44794336 || 5.15

wic | 45.70 46.70 41.04419.18 | 46.7812.22 | 49901050 | 50.5810.24 || 3.88

WSC 50.00 57.88 52.50:|:2_29 52.69:|:6'13 59-2711‘96 61.46:‘:1.47 3.58
winogrande 47.60 51.10 52.68i0,83 52.18i3_20 54.60i1_35 55~46i0.88 4.36
arc-chan. 41.30 35.70 33.28:|:1_5() 37.90:|:1_22 37.78:‘:0,73 38.44:‘:0.99 2.74
obga | 38.50 34.40 28724946 | 33.2841.24 | 36984155 | 39.5842.80 || 5.18

p1qa 45.30 36.10 37.00:|:2_71 38.54:|:2_17 41.34:‘:1,75 41.42:‘:1.02 5.32
squadv2 | 30.60 32.40 29.8645.46 | 29.4640.84 | 30.2641.54 | 30.581161 || -1.82
All@mean | 41.33 40.38 391341206 | 40.241161 | 43.571068 | 44531042 || 4.15
@median | 41.33 40.38 39.93 4091 43.43 4431 3.93
@min | 41.33 40.38 35.66 38.28 42.65 44.16 3.77
@max | 41.33 40.38 40.59 41.76 4451 45.07 4.69

Table 1: The main experimental results (%) for unsupervised cross-task generalization in
SoftEM. Each result in the upper section is the average (and the std) performance of using 5 different
query sets for a task. The lower section of this table reports the mean, max, min, and median of the
overall performance (i.e., the average performance on all tasks) of these five rounds.

batch size of 4 to continually fine-tune all layers of BARTO for 2 epochs. As for re-ranking, we set
the upsampling ratio ;¢ = 2, meaning that we first retrieve 1024 examples for reranking and use the
top 512 ones as the final retrieved data. To obtain more convincing evaluation results, we average the
scores of all target tasks to show the general zero-shot performance. For each task I/;, we use five

different query sets, { le), R QZ(-E)) }, to conduct five individual rounds of retrieval, thus resulting
in five average scores for all tasks. To get a comprehensive assessment, we report the mean, std,
median, min, and max of these five overall scores in the lower part of Table 1. We present an ablation
study on hyper-parameter configurations in Table 3 and include more details in Appendix.

4.4 Experimental Results

BARTO vs T0-3B. As mentioned earlier, we find that BARTO is comparable with the much larger
TO-3B in terms of their zero-shot performance on our unseen tasks (41.33 vs 40.38). As we use BARTO
as our base model for testing different retrieval-augmentation methods, its overall performance 40.38
is what we want retrieval-augmentation methods to beat. Note that when using BARTO and TO-3B
for non-retrieval zero-shot inference, they do not use any information from the query examples, so
their mean, median, min, and max are always the same.

Random Retrieval. The Random column shows the results when we randomly sample R; from the
upstream data D without using any information from @;. .

SBERT and ReCross’. We use SentenceBERT (SBERT) as a strong baseline method to create
a dense index of the upstream data, compared with our proposed indexing method, ReCross! (i.e.,
ReCross without reranking). We can see that ReCross' always outperforms the other methods. Even
its minimum performance in the five rounds (42.65) is better than the maximum of the SBERT
(41.76). Besides, the standard deviation also becomes much smaller (1.61— 0.68), which means that
improvement by the ReCross' is more consistent under different query sets.

The SBERT indexing relies mainly on the semantic similarities between a query example and the
upstream data. Instead, our proposed ReCross' uses the hidden representations inside the upstream
model M for representing examples. We believe using such an indexing method can better help us
find examples that share similar reasoning skills acquired by the upstream model.

ReCross = ReCross’ + Reranking. The full version of our ReCross with reranking can further
improve the performance substantially on multiple dimensions. Both all@mean and median are
improved by 1 point from the ReCross', and the std is also reduced from 0.68 to 0.42. The last
column (A) in Table 1 shows its improvement compared to the base model BARTO, and we can see
that ReCross consistently outperforms non-retrieval methods (e.g., BARTO) by a significant gap.
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Figure 3: The mapping between unseen tasks (as rows) and upstream tasks (as columns). The
darker upstream tasks take more percentage in retrieved data. For example, for the task WIC, ReCross
retrieves a plurality of examples from QQP (about 30% of the retrieved examples).

To explore the potential benefits of retrieval-augmentation methods such as our ReCross, we also
conduct the same experiments on five tasks selected from the BIG-Bench project. The results
are shown in Table 2, where we can see that ReCross still outperforms the non-retrieval methods.
An interesting case is the movie_dialog task, where the prompt in the template requires a
model to output “same” or “different.” However, both TO-3B and BARTO fail to follow the prompt
instruction, and can only output “yes/no.” Only when we use retrieval-augmentation methods, there
are performance improvement on this task.

4.5 Analysis & More Findings.

More conﬁguljatu.)ns. We'have uged a partic- Task | TO3B BARTO  ReCross
ular configuration in our main experiments that P—— 475 2348 oag

in Table 1 hich i =1 =512 1ndu_knowleage . . 0/+0.27
EIHT—IS IabTe bl 3 ve o |Cf| 6, |R|=5 py and | own unknowns | 4783 4348 47.07.1.0
U|==. 1n Jable 5, We eXp Ore More COMgUIa-—.oic orid_puzzle | 23.60  20.70  17.1216.99
tions as ablation studies. Thp Main Exp.” row strategyqa | 47.70 4830  49.7640.80
refers to the results shown in Table 1, and the movie_dialog | 0.00 4.40 37.22413.96
cqnﬁguratlons of oth;r rows are or}ly chapged All@Mean | 2878 28.07 352312
with one factor at a time. Even using a single
query example, ReCross is better than BARTO.  Taple 2: Results on a subset of BigBench tasks.
However, when increasing the query size to 32,
we find that the performance starts to decrease, meaning that there could be an optimal query size for
a certain |R|=512. We find that increasing | R| is generally beneficial, while the all@mean decreases
when | R| is changed from 512 to 1024, although the max and the median slightly increased. Finally,
we see that increasing p increases the std. and does not improve the overall performance.

Retrieved data distribution. Figure 3
presents the difference between the methods ~ Setup\All@ | Mean std.  Min  Max Median
in terms of their retrieved data. We draw Main Exp. | 44.53 042 44.16 4507 4431

the distribution of the retrieved data among Q=1 4320 083 4258 4458 4288
different upstream tasks for each unseen task |Q|=8 43.67 090 42.09 4432  43.90
individually. From the heatmap, we can see |Q|=32 4252 1.17 4052 4340 4296
that ReCross tends to have more dominant |R|=256 40.80 083 3945 41.68 40.96
retrieved tasks (i.e., darker cells), while |R|=1024 | 44.02 143 4226 4535 44.59
SBERT’s results are more sparse. They both (=3 4392 058 4308 4457 43.89
can identify that squad is most similar to the =4 4391 099 4276 4510 4426
adversarial_ga tasks. Their behaviors

are very different too. Taking the unseen task Table 3: The ablation study of ReCross.

winogrande (wngrnd) as an example, we can

see that the SBERT retrieves from multiple upstream tasks such as paws—x and cosmosQA , but
the ReCross mainly retrieves from social-iga, wiki-ga, and cos—e. The experimental results
in Table 1 show that ReCross produces a better performance than SBERT (i.e., 55.46 vs 52.18), while



it is not clear how we can predict such task correlation in advance. This suggests that we should
explore more about the utility of instances and tasks in future work.

More analysis. In the appendix, we further presented some analysis to help understand “how”
and “when” the retrieval augmentation works: Table 4, Table 5, Appendix A.1 A.2, and Appendix
B. We investigate whether the utility of upstream examples in retrieval augmentation is related to
the similarity in terms of the task formats. From Appendix A.1, we found some counterintuitive
results. For example, if removing MCQA upstream tasks from the upstream index, then the ARC
target task can have an even better performance, although it is an MCQA-formatted task. Thus, we
hypothesize that similarity in terms of reasoning types is more important than format similarity for
retrieval augmentation. After all, the upstream model has been already trained to work with these
basic task formats. Re-learning the tasks of the same format might lead the model to overfit the seen
domains. Additionally, to provide a more concrete analysis, we also present case studies with two
specific tasks (CB and SQUADV2) in Appendix B.

Moreover, we conjecture the natural language instructions in the templates are necessary for ReCross
to get impressive results. Therefore, we investigated two ways of perturbing the instructions and
monitoring the performance changes in Appendix A.2. We find it is indeed true that perturbations of
the instructions will lead to much worse performance. We believe that a rigorous, principled way of
analyzing the correlation between query and retrieval examples will be a great future direction, given
the strong evidence that ReCross works so well as such a simple method.

5 More Discussion

5.1 Practicality of unsupervised setting.

Cost of obtaining task labels The unsupervised setting in the paper does not require any human
annotation of labels. For some tasks (NLG tasks in particular, e.g., summarization), the expected
output (label) are open-ended and possibly lengthy and thus human annotation is much more expensive
and time-consuming. Also, few-shot learning must ask humans to label examples for each new task,
and it is thus less practical when there are a large number of emerging tasks from the users. Meanwhile,
ReCross requires only a natural-language task template, which does not require potentially expensive
manual annotation or domain expertise.

Scalability & Real-Time response Deploying the ReCross pipeline is a one-time process. All we
need to do is to pre-compute the upstream index with LM and configure the reranker (a simple masked
LM) by running our script. In production, once the users input the examples with NL instructions,
we do not need to wait for any human annotations anymore, so it is much more efficient in the long
run. In the scenarios where users only provide one query example and want to get its label from the
model, ReCross also shows great performance (i.e., IQI=1 in Table 1). It is then impractical to assume
there are a few labeled data from the users too in such cases.

5.2 Empirical studies

The unsupervised ReCross performance is comparable to few-shot learning with label annotations.
In Appendix D.2, we report the performance of directly fine-tuning BARTO with the labeled query
examples. Although it is an unfair comparison with our previous ReCross results, we found that
they are comparable. More importantly, the ReCross framework does not conflict with the few-shot
setting. Given a labeled query set for a target task, retrieved examples from the ReCross can still
improve few-shot learning as additional training data. We designed two simple methods for applying
ReCross under the few-shot setting and report the empirical results in Appendix D.2. It turns out that
ReCross can also boost the performance under the few-shot setting by about 3 points.

6 Related Work

Multi-task training for task generalization. Text-to-text Transformer language models such as
TS enable us to train a multi-task NLP model with a more straightforward recipe: mixing the data
of multiple tasks into a unified seq2seq format, and then fine-tuning text-to-text LMs for implicit
multi-task learning. UnifiedQA (Khashabi et al., 2020) is among the first works in this direction.



Although it shows great generalization performance within QA tasks, it can hardly generalize to
other NLP tasks. Recent works, such as CrossFit (Ye et al., 2021), ExTS5 (Aribandi et al., 2022),
FLAN (Wei et al., 2021), TO (Sanh et al., 2021), and InstructGPT Ouyang et al. (2022) focus on how
to generalize a massively multi-task model across task boundaries in a much broader context.

Particularly, in the CrossFit framework (Ye et al., 2021), cross-task generalization requires a small
number of labeled instances of the target task for fine-tuning. It is because the templates of CrossFit
use the task names as the hard prefixes. Therefore, it is necessary to fine-tune the upstream model
with a few examples that have the target task names as prefixes (i.e., few-shot learning), but this
largely limits the application scenarios of these multi-task NLP models in practice. We instead focus
on unsupervised cross-task generalization, where there is no labeled data of an unseen task (i.e.,
zero-shot learning). Using natural-language instructions as prompts, both FLAN and TO show that it
is promising to perform zero-shot cross-task generalization.

In this work, we also focus on such an unsupervised setting for cross-task generalization, while
our problem setup is a bit different from the ones used in TO and FLAN. As for the assumption
about the unlabeled data, their setups can be seen as a special case of ours when |@Q| = 1 for all
unseen tasks. The evaluation protocols of TO and FLAN assess the generalization performance of
the upstream model as it is, and thus their evaluation is more about the quality of templates and the
upstream training tricks. In contrast, our evaluation protocol can also study how to efficiently adjust
the upstream model such that the updated models can generalize to new tasks without labeled data.
Thus, we believe ours is a more general setup for studying unsupervised cross-task generalization.

Retrieval augmentation in NLP. We aim to retrieve useful examples from the upstream data
and re-learning them for cross-task generalization. The proposed ReCross pipeline is inspired by
open-ended QA methods such as DPR (Karpukhin et al., 2020), DrFact (Lin et al., 2021), and
RAG (Lewis et al., 2020b). Retrieval augmentation also shows great performance in pre-training
LMs (Guu et al., 2020). Besides, Wang et al. (2022) shows that learning with similar data via retrieval
augmentation can improve the performance of a task-specific model. Rubin et al. (2021) show that
retrieving better demonstration examples is also helpful for in-context few-shot learning of GPT-3
style language models (Brown et al., 2020). The key challenge in the problem setup of this work is to
predict the utility of the examples for unseen tasks with the consideration of efficiency and scalability.
We have discussed more details about this challenge and related works in Sec. 2.

7 Conclusion & Future Directions

We demonstrate that retrieval augmentation can largely improve the cross-task generalization ability
to multitask LMs in unsupervised settings. Our proposed method, ReCross, is a straightforward
yet effective retrieval method that combines both efficient dense retrieval and effective pair-wise
reranking. Our empirical results show that it significantly outperforms both non-retrieval methods
and other baseline methods. We perform ablation studies showing the impact of changing query sizes,
retrieval sizes, upsampling ratios, etc. We also find the distribution of retrieved data for analyzing the
behavior differences between ReCross and others. We believe that our paper will spur further research
on retrieval-augmentation methods for cross-task generalization. Interesting future directions include:
1) improve the re-learning stage by including more information from query examples, 2) extend the
distant supervision mining process as a self-training procedure, 3) rigorously analyze the correlation
between upstream data and target tasks, etc.
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Appendix (i.e., Supplementary Material) of “Unsupervised Cross-Task
Generalization via Retrieval Augmentation’ (Submission # 2811)

This appendix include more implementation details, additional experimental results for ablation
studies, and more analysis as well as findings. Please note that we have uploaded our code too
(named “ReCross” folder). We first further analyze the performance of ReCross with more ablation
analysis in Sec. A, and present detailed case studies for specific datasets in Sec. B, and introduce
more implementation details in Sec. C.

A Additional analysis

A.1 Utility analysis by grouping upstream tasks.

Table 4 shows the results of ReCorss under the scenarios where one specific group of upstream tasks
are excluded from the index. This allows us to evaluate the impact of various upstream task categories
on each downstream task.

Task ‘ None ‘ —MCQA —SUM. —EQA —Stmt. —CBQA —S2txt —TopCls  —Paralden

ARC-c. | 38441999 | 393641086 37941151 39541104 379441151 393241054 37324177 3794115 3794115
anlifr3 35.76i()_g}0 36.1810_38 36.9010_33 36.78i1_04 35~72i1.92 35.84i2_35 37'42i0.97 35‘92i1.32 36‘42i1_20
hSWﬁg 47.28i2_95 40,56ig_71 49.28i5_79 39.02i7_4g 46.46i3_39 37-62i5.08 46~00i6.32 39~14i7.50 44~34i6.19
obqa 39.5812_80 3612:&0.88 38.3212_33 38.5212_08 38.3212_33 35.98:&2_37 36~32:EQ.86 38.3212_33 35.9411_70
piga | 41424102 | 39.604135 40464208 41.641265 41304047 41.564146 40261217 40424099 40.5610.80
squad2 | 30.581161 | 31.704202 31.641163 33.101248 30.701161 31.064101 30701161 31.6011.90 30.70L1.61
cb | 44791336 | 49361355 44501452 43931326 40791305 44.004542 43364415 42364736 40.504562

wic | 50.5840.24 | 49.824112 49.9640.093 50.08+0.96 48.961247 48901216 50301079 49.741073 49421092
wsc | 61464147 | 58.041275 60.231066 60.541123 58.85i367 59.19i047 59.69i221 60.19i145 59.544307
wngrd | 55461088 | 53.30x152 52.3443094 S51.001404 54444312 53821059 52201532 52201333  50.7413.96

@mean | 44531042 | 43401092 44161047 43411190 43351080 42731075 43361108 42781138 42.6110.06

Table 4: Performance on each downstream task when a given category of upstream tasks is re-
moved from the upstream dataset and prevented from being retrieved. The column names are
the task group names: MCQA=Multiple-Choice QA, SUM=Summarization, EQA=Extractive QA,
Stmt.=Sentiment analysis, CBQA=closed-book QA, S2txt=structure-to-text, TopCls=Topic Classifi-
cation, and Paralden=Paraphrase Identification.

Our key findings are as follows:

* (1) Using all upstream tasks leads to the best overall performance, although for many target
tasks there are some particular groups that are less useful than others. The last row shows
this result and the summarization is the least useful group of upstream tasks.

* (2) The potential best performance of retrieval-augmentation methods can be even higher.
That is, if we have an enhanced version of ReCross that can avoid examples from less useful
groups, then the final performance can be even higher. For example, if ReCross were able
to ignore MCQA examples for ARC task during retrieval augmentation, then the overall
performance of ReCross can be even higher.

* (3) The utility analysis via grouping upstream tasks by their original task formulations does
not align with general intuition. For example, people may think that MCQA (multiple-choice
QA) should be more useful than other groups for the task of ARC, which is also a multiple-
choice QA dataset. However, removing MCQA doesn’t hurt the performance of ARC.
Instead, it actually improves the performance by 1 point. We argue that the example-based
utility is of more importance for analysis.

A.2 Template Perturbation

To investigate the importance of templates in retrieval quality, we investigated two methods of
perturbing the templates of query examples (): 1. Simply concatenate the elements in the raw data. 2.
Change the words in the templates to random words to remove the semantic meaning. See figure 4
for an example. We than used these updated query examples and the same setup and configurations
described in Section 4.3 to perform unsupervised cross-task generalization.
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Raw Data: {statement : What is the 3rd prime?, sol 1 : 5, sol 2 : 9}
Template: { {statement}} What is the correct answer? {{sol_1}} or {{sol_2}}?

Normal Input: What is the 3rd prime? What is the correct answer? 5 or 9?

Concat Rand Word Change

What is the 3rd prime? \n\n 5 \n 9 What is the 3rd prime? Cat run mountain bike apple? 5 chase 9?

Figure 4: Example of concatenation and random word change perturbation.

Target Task | TO-3B | BARTO || Random | SBERT | ReCross! | ReCross || Concat | Change
an1i7r3 26.00 30.50 35-34i1.52 32.64i2_5;; 36.70:&()(53 35.76:&0‘9() 34.1412(24 32.84:&6,33
h—swag 34.40 39.40 33.84i5_59 30-92i7.82 44.36i3_07 47.28i2_95 35-74i5.06 35~40i10.82

cb | 53.93 39.64 47.0741.25 | 48.0043.28 | 44.5014.90 | 44.7943.36 || 39.294345 | 44.0045 36

wic | 45.70 46.70 41.0442.18 | 46.78 4222 | 49.9040.50 | 50.5840.24 || 46.8842093 | 47.3241.91

wsc | 50.00 57.88 52.5042.29 | 52.6946.13 | 59.274+1.96 | 61.4641.47 || 52.314517 | 57314175
Winogrande 47.60 51.10 52.68:&().83 52.18:(:3.2() 54.60:&1‘35 55-46:(:[)88 52.28:{:[)57 54.76:&2.()7
arc-chan. 41.30 35.70 33.28i1_50 37~90i1.22 37.78i0_73 38.44i0_99 37~92i0.48 38.24i1_20
obqa 38.50 34.40 28~72i2.46 33.28i1vg4 36.98i1455 39-58i2,80 36.12i3414 38.56i2_06

plqa 45.30 36.10 37.00:(:2.71 38.54:(:2.17 41.34:&1‘75 41.4211([)2 39.76:{:[]99 42.16:&1‘85
squade 30.60 32.40 29.86i5_46 29-46i0.84 30.26i1_54 30-58i1.61 30-74i1.66 30~10i1.22

All@mean 41.33 40.38 39-13i2.06 40-24i1.61 43-57i0.68 44~53i0.42 40~52i1.2 42~O7i1.5

@median | 41.33 40.38 39.93 40.91 4343 44.31 40.96 41.69
@min | 41.33 40.38 35.66 38.28 42.65 44.16 38.77 40.37
@max | 41.33 40.38 40.59 41.76 4451 45.07 41.61 44.33

Table 5: Two methods of template perturbation (concatenation and random word change) compared
with main experiment results.

Table 5 shows that when we simply concatenate the elements in raw data, the performance degrades
to a level close to random retrieval. On the other hand, if we construct the query examples as specified
by the templates, even if we break the semantics of the template, the performance boost is largely
preserved. This might mean that the formatting of input, for example the existence of parallel choices

in some form, potentially plays an important role in the performance gain.

A.3 Re-ranking for Random and SBERT

Target Task \ Random Random+RR \ SBERT SBERT+RR
.. lir3 | 3534115  31.584 326410535  28.1044s:
We evaluated training re-rankers for random and heswaz | 33840 3320mee | 30920 i 3780
SentenceBERT retrievers. Specifically, we ap- cb | 410Te1z  4071e10s igggi&% 3(5)~§gi7.80
. . . . Y WIC A 9 . . 2.29 R 2.19
plied the same distant supervision mining meth- wse | 525010 50381em | 526910 554210m
ods introduced in Section 3.4 on data retrieved =~ Winogrande | 52.681055 494411550 | 52.184520  53.0245.49
arcchan. | 33281150 33521376 | 37.901100  37.541187
by Random and SBERT. Table 6 shows the obga | 28721046 25961653 | 33.28+101 35081307
results. We can see that reranking does not im- piga | 3700sams  352usas | WSiarr 3824000
the results for both Random and SBERT i il e
OV
p 0. © . .. e All@mean | 39.131506 37.00+2.91 40.24 1161 40.2141 83
retriever. We believe it is because that the initial @median |  39.93 37.06 4091 39.81
: @min | 35.66 33.32 38.28 38.45
retrieval results are not good enough, so that the om0 106 e sl

distant supervision mined from them are thus
also not of good quality. Table 6: Random and SBERT with Re-Ranking

(RR) (bold font columns)

A.4 Mining distant supervision for multiple iterations.

The algorithm that we proposed in Alg. 1 can be extended to an iterative process. That is, we can
continually update the reranker module and uses the retrieved results from the latest reranker to mine
the training data for the next iteration. Although this self-training style process sounds promising,
our empirical results show that the overall performance starts to saturate after the first iteration and
using the 2nd-iteration re-ranker won’t improve the overall performance anymore. We think there
can be better methods of continual learning to obtain a reranker module for better performance, while
it is beyond the scope of this work. We hope this can be a promising future direction.
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A.5 Transferring ReCross for Larger Base Models.

Recall that we choose to use BARTO as our base model for its smaller size and comparable results.
People may wonder what if we transfer the ReCross methods for larger base models. Therefore,
we conduct a pilot study on this. Considering the size of TO, we choose to only fine-tune its last
few layers of TO-3B and still use the prior materials from BARTO (i.e., the BART(0-based index and
the trained reranker). We found that the performance is not improved over simply using TO-3B for
zero-shot inference. We conjecture there are two major reasons for this: 1) the parameter-efficient
tuning method need to added here to improve the training efficiency, 2) the BARTO-based index and
the associated reranker do not align with the other models such as TO-3B. We admit this could be one
limitation of our methods —i.e., the index and reranker are specific to the base model that is used to
generate them. In order to address these challenges, we argue that studying the common space of the
index created by different encoders will be an important direction.

B Case studies

In this section, we discuss two specific datasets with detailed analysis as they have quite special
results in Table 1 and Table 4.

B.1 SuperGLUE CommitmentBank (cb)

For the SuperGLUE CommitmentBank dataset, instances retrieved by the BART retriever are pre-
dominantly multiple choice question-answering. However, heat map and remove-one-group analysis
shows that re-training on instances from multiple choice question-answering seems to undermine the
model’s zero-shot performance on this dataset. We examined the output of the model and discovered
that the model tends to make one type of error a lot more often when re-trained using multiple
choice question-answering: instead of answering yes, no, possible, or impossible, it picks part of the
discourse as its prediction.

For example:

Input: “Suppose A: I'm like, I’1l get a job some day and my boss will pay for it, I'll be needed. B:
Yeah. A: Because, um, I didn’t want to go do it myself because I didn’t think I was really going to
use it. Can we infer that “he was really going to use it”? Yes, no, or maybe?”

Output: “A: I didn’t want to go do it myself because I didn’t think I was really going to use it.”

We believe this is because the model misunderstood the people having the discourse (A and B) to
be the options for answers. The abundance of the template of “A:xxx, B:xxx” in the SuperGLUE
CommitmentBank dataset might be the reason why the BART retriever retrieved mostly from multiple
choice question-answering in the first place.

B.2 SQuAD V2

For the dataset SQUAD V2, the retriever typically finds upstream examples from extractive question
answering datasets, which match the format of SQuAD V2 inputs closely. However, we find that
when we exclude extractive question answering examples from the upstream dataset, performance on
SQuAD V2 improves. To explain this unexpected result, we note that the majority of our test examples
for SQuAD V2, despite being formatted as extractive question answering tasks, are examples which
expect the model to output whether or not the question is answerable. The ‘context and question’
format of the SQuAD V2 examples causes the retriever to focus on extractive question answering
examples, but because most of the examples focus on answerability (a distinct task from extractive
question answering), these examples are not helpful.

We speculate that by excluding extractive question answering from the upstream dataset, the model
avoids these misleading irrelevant examples and is able to retrieve more related examples for de-
termining if a question is answerable. For example, our results show that when extractive question
answering examples are excluded, the retriever finds examples from tasks such as Wiki QA, which
asks whether or not a proposed answer is a valid answer to a given question (a more relevant task to
determining if a question is answerable).
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C Implementation details

C.1 Retrieval aggregation.

Note that the target size of our retrieved data is | R| and we have |Q| query examples. To retrieve | R)

examples, we search for the top-K examples for each query example, where K = [%L and then

take the first | R| of them when K'|Q)| > |R|. Our results have shown that this method is more effective
than other strategies, such as combining the distance scores generated for each query example. Note
that by retrieving the top-K examples, we may repeat examples that are close to multiple query
vectors. This effect is desirable because it allows us to naturally focus more on the especially relevant
upstream examples in re-learning.

C.2 Upstream learning.

Upstream tasks. Here we refer to the TO’s paper (cited in our main paper) for Figure ??, which
shows the list of upstream tasks and their categories. We use this taxonomy to conduct ablation study.
Please find the link to download these datasets from huggingface/dataset from our submitted code.
All datasets are publicly available and their license are suitable for open-source research. We do not
see any ethical concerns from using such datasets for learning a model and developing the ReCross
method to further improve their task generalization performance.

Training details. We specify the hyper-parameters and the concrete for training the BARTO
models in our submitted code. Please read the “Readme.md” file where we point to the script and
configurations for training BARTO. Our GPU type is Quadro RTX 6000 and 8000.

C.3 Retrieval Methods.

Similarly, we leave the details such as the hyper-parameters and the concrete pipeline for running the
retrieval augmentation methods (i.e., ReCross and the other baseline methods) in a unified framework
that is presented in our code.

D Others

D.1 Evaluation metrics.

Results with the standard EM. In Table 7, we report our main experimental results (the equivalent
results to those in Table 1) with the standard EM metric instead of the SoftEM metric used in Table 1.
We can see that the relative performance from the ReCross framework is about the same as in Table 1,
although the absolute numbers are mostly smaller due to a more strict matching by EM.

D.2 Empirical results for few-shot learning.

We show the empirical results related to the few-shot setting in Table 8.

Experimental setup. We assume that the labels of the examples in the query set are available,
and directly use them to fine-tune the upstream model for learning the target task. We tune the
hyper-parameters (epochs and learning rates) such that they do not overfit the few-shot data and
lead to a better performance over BARTO. Note that the real performance of few-shot learning
performance may be lower than the ones in the table because there is not enough development data
for us to tune hyper-parameters for each target task.

Few-shot learning is not even better than the unsupervised ReCross. Although FS can outper-
form ReCross in some target tasks, the two approaches have very similar overall performance on 10
tasks. Even in such an unfair setting, ReCross shows great benefits to the users.

ReCross and Few-Shot together can produce better performance. We attempted to use both

the few-shot data and the retrieved data for generalization. The FS+RC(mix) method simply merge
the 16 labeled query examples (i.e., few-shot) and the 512 retrieved data (by ReCross) to get a larger
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Target Task ‘ TO0-3B ‘ BART0 H Random ‘ SBERT ‘ ReCross' ‘ ReCross H A
anli_r3 | 24.30 24.30 27.8042.12 | 25.624235 | 31.0240.87 | 30.1841.45 || 5.88
h—swag 22.20 24.20 26.045:2‘61 22.88i2_44 27-48:t2.04 26-04ﬁ:1.19 1.84

cb | 49.29 26.79 31.6443.27 | 34214512 | 30.004265 | 31.5746.18 || 4.79

wic | 44.70 45.80 45.2644.13 | 46.7842.22 | 49904050 | 50.5840.24 || 4.78

WSC 48.85 54.42 53.96:|:3_29 52~42:|:6.09 59-1511‘82 61.42:‘:1.51 7.00
winogrande | 47.00 49.50 50441057 | 50.801289 | 54.1641.18 | 54.42141.10 || 4.92
arc-chan. 32.10 23.70 26.84:|:1_37 27.02:|:2_52 26.86i1,90 27.16:‘:1.78 3.46
obga | 38.80 34.10 27204124 | 33764151 | 36.904256 | 39.5640.79 || 5.46

plqa 33.40 29.10 29~32:|:3.26 28.94:|:3_08 31.70:‘:3,17 30.46:‘:2.34 1.36
squadv2 | 23.70 26.30 24204434 | 21.9041.17 | 22.9641.95 | 23.3242.16 || -2.98
All@mean | 36.43 33.82 34271166 | 34434114 | 37.0140.94 | 37471073 || 3.65
@median | 36.43 33.82 34.90 3491 36.62 37.17 2.34
@min | 36.43 33.82 31.33 3291 36.22 36.93 1.05
@max | 36.43 33.82 35.35 35.79 38.41 38.75 1.70

Table 7: The main experimental results (%) for unsupervised cross-task generalization in the
standard EM metric, i.e., the EM version of Table 1.

Target Task | BARTO | ReCross (ReX) || Few-Shot(FS) | FS+ReX(Mix) | FS+ReX(2-stage)

anli_r3 30.50 38.44i0_99 3459i253 3571i159 36.26i1i4g

h-SWﬁg 39.40 35.76:*:0,90 42.61:‘:2.15 44-04‘:i:3.60 43.99:|:1.92

cb | 39.64 47281295 52.57 16.11 62.64 1568 65.3616.70

wic | 46.70 39.58, 250 48224510 492341 50 48214057

WSC 57.88 41.42i1‘02 53-1513.80 55-65i7.82 54.5415.22

winogrande 51.10 3058:&1.61 54-24i1.57 53'24i1.81 53.875:1.72

arc-chan. 35.70 44-7913‘36 36.36:‘:2.20 36.34:‘:2.64 37.50:‘:2'94

obqa 34.40 50~58i0.24 34~49i4.21 38.45i2.6g 37~15i2.63

p1qa 36.10 61.46:‘:1,47 47.38:‘:4.58 51.93:‘:2.72 52.08:‘:1.95

squade 32.40 55~46i0.88 41 ~92i6.68 51 .3Oi3423 50~38i6.46
All@mean | 40.38 | 44.54 I 44.55 \ 47.85 \ 47.93

Table 8: The few-shot related empirical results in SoftEM.

dataset for fine-tuning BARTO. The FS+RC(2-stage) method updates the model firstly with the 512
retrieved data and then train the fine-tuned model with the 16 FS data. Both methods show a great
enhancement over FS and RC used separately. This is to say, RC is still beneficial in the FS setting.
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