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Abstract

Constructing benchmarks that test the abilities of modern natural language un-
derstanding models is difficult — pre-trained language models exploit artifacts in
benchmarks to achieve human parity, but still fail on adversarial examples and make
errors that demonstrate a lack of common sense. In this work, we propose gamifi-
cation as a framework for data construction. The goal of players in the game is to
compose questions that mislead a rival Al, while using specific phrases for extra
points. The game environment leads to enhanced user engagement and simultane-
ously gives the game designer control over the collected data, allowing us to collect
high-quality data at scale. Using our method we create CommonsenseQA 2.0,
which includes 14,343 yes/no questions, and demonstrate its difficulty for models
that are orders-of-magnitude larger than the Al used in the game itself. Our best
baseline, the T5-based UNICORN with 11B parameters achieves an accuracy of
70.2%, substantially higher than GPT-3 (52.9%) in a few-shot inference setup.
Both score well below human performance which is at 94.1%.

1 Introduction

Evaluating models for natural language understanding (NLU) has become a frustrating endeavour.
On the one hand, state-of-the-art models achieve human parity on a wide range of NLU benchmarks,
which are now generated at unprecedented rate. On the other hand, recurring findings reveal
that such models are brittle when provided with out-of-domain [} 2| [3]] or adversarial examples
[4} 15016, 7,18, 9, 110], and make silly mistakes that contradict basic notions of human common sense.
It is almost as if NLU models learn to solve datasets without solving the underlying tasks. This status
quo calls for new innovations in the area of benchmark design.

To generate more challenging datasets, recent research proposed algorithmic methods for bias
reduction, such as adversarial filtering [[L1}, [12} [13} [14} [15]. While helpful in mitigating bias and
reducing dataset artifacts in data that has already been generated, such approaches are fundamentally
post-hoc, that is, they can only remove examples, but do not direct the example generation pipeline to
create difficult and diverse examples. Indeed, recent research highlights the importance of diverse
and hard instances for robust out-of-domain generalization [[16} [17]. Thus, a more fundamental
solution should be integrated directly into the data creation process. Unfortunately, the vast majority
of existing benchmarks are based on crowdsourcing, which are by and large static and non-interactive,
leading to datasets that are plagued with shortcuts and artifacts [18} [19} 20, 4]. At the same time,
humans can still reliably compose new examples that demonstrate the failing of current Al systems.

In this paper, we proposes gamification as a framework for data creation that can tap into human
intelligence more effectively. Our framework shares the spirit of model-and-human-in-the-loop
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Figure 1: An overview of our approach for data collection through gamification.

approaches, which seek dynamic benchmark creation [21]], but provides a game environment that
enhances user engagement, which in turn leads to high-quality data and low costs.

Fig. [I] shows a high-level overview of our game, which focuses on collecting yes/no questions or
assertions. At a high-level, a player is asked to author a yes/no question, is then shown the answer
from the Al and then marks whether the Al was correct or not. The goal of the player is to earn
points, which are used as a flexible vehicle for steering the behaviour of the player. First, points are
given for beating the Al, that is, authoring questions where the Al is incorrect. This incentivizes the
player to ask difficult questions, conditioned on its understanding of the Al capabilities. Second,
the player gets points for using particular phrases in the question. This provides the game designer
control to skew the distribution of questions towards topics or other phenomena they are interested
in. Last, questions are validated by humans, and points are deducted for questions that do not pass
validation. This pushes players to author questions with broad agreement among people. Similar to
prior work [21},122} [23]], a model is trained on collected examples, which prevents players from using
the same types of questions repeatedly, as the re-trained model quickly adapts to such questions.

Using our method, we collected COMMONSENSEQA 2.0 (CSQAZ2) containing 14,343 yes/no
questions. We extensively evaluate models on CSQA2, experimenting with pre-trained models,
fine-tuned models, and reading comprehension (RC) models that utilize web snippets extracted from
Google search on top of the question itself.

Despite using RoOBERTA-Large [24]] as the model in the loop, the resulting dataset proves to be
challenging for state-of-the-art models that are orders of magnitude larger. Compared to human
performance of 94.1%, the best performance the models achieve is 70.2% by UNICORN-11B [23],
substantially better than 67.8% by T5-11B [26]. Notably, GPT-3 [1] achieves only 52.9%, despite
being much larger (but without fine-tuning), even after extensive prompt engineering.

Comprehensive analyses offer new insights into the limitations of current neural models; GPT-3 is
relatively weaker in causal reasoning, while fine-tuned UNICORN is weaker in size comparisons. In
addition, we find that none of the models are robust against relatively simple linguistic or logical
variations of the same question.

To summarize, our contributions are:

1. CSQAZ2: A challenging and diverse new QA dataset, containing 14,343 examples.

2. A new framework for data creation via gamification alongside a model-in-the-loop approach.

3. An empirical evaluation of state-of-the-art pre-trained language models on CSQA2, showing
that humans substantially outperform current models.

Our dataset and code are available athttp://allenai.github.io/csqa2l
2 Data Collection through Gamification
We now describe our game environment for eliciting hard and diverse yes/no questions (or assertions).

We first describe the game itself (§2.1), and then detail the dataset construction procedure including
measures for quality assurance (§2.2).

2.1 The Game

Our premise is that a game environment can create an enjoyable experience for players, while enabling
control over the quality and type of data obtained through the game’s point system. We now describe


http://allenai.github.io/csqa2

the details of the different parts of the game, which are illustrated in Fig. [T} (a) controlled question
generation, (b) model-in-the-loop, and (c) question validation. Full print-screens from the actual
game are presented in Fig. [2]

Controlled question generation Examples gener- (i ome. ¥ I your question to get more pointe!
ated in this work are yes/no questions (or assertions) —|(lnexpai)

with their correct answer. We use questions since they  |rool the an nter s trueffalse statement or yes/o question:
are a natural medium for players to test capabilities
of the Al but other formats are also possible.

atoms cannot contain molecules|

In this step, players are asked to author questions, and
get points if the Al errs on the authored questions.
This pushes players to generate difficult questions
conditioned on their understanding of the abilities

of the AL To give the game designer control over <
the topic of the question and the reasoning skills False!
required for answering it, we present the player with h
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the question. For example, in Fig.[I] the topic prompt
is “playing card”, and the relational prompt is “is
capable of’, and indeed the player uses them in “A
playing card is capable of cutting soft cheese. The
prompts not only provide control, but also spark the
creativity of the player, which can author the question
around tangible concepts.

Bad question

Figure 2: Print-screens of the different game parts.

For topic prompts, we use CONCEPTNET [27], a popular knowledge-graph containing information on
commonsense concepts and relations. We choose the 1,875 highest ranking concepts in ConceptNet,
and in each question sample one concept uniformly at random. For relational prompts, we use a
manually-constructed list of 33 phrases, designed to target a wide set of commonsense reasoning
skills, such as understanding meronymy, causality, plausibility, and more. Table[T|shows the full list of
relational prompts, their categories and their frequency. While our choice for prompts steers collected
data towards commonsense questions, other prompts can be used to get a different distribution.

Model-in-the-loop After a player formulates a Type RELATIONAL PROMPTS %
question (A2 in Flg EI), e.g., “A playlng card is capa- Taxonomy / other fis, part of, has, have, is a 20.0
- 7] . . Capable of is capable of, can, cannot 14.9
ble of cutting soft cheese”, the question is answered iU Dofors, aftor, bacaue. oauses i
by the model (B1), and the user gets points if the Plausibility all, some, at leamlon? at least two, .
. . . . . most, none, exactly, few 10.7
model is wrong. A potential issue is that players iden-  snaysNever  always, almost always, sometimes,
tify a weakness in the current model and only ask almost never, never , 101
. . Sizes larger than, smaller than, same size as 8.9
questions that target that particular weaknss. Thus,  conditional if, only if 6.4
similar to past Work [28, 22’ 2]J’ We use a model—in— Sequence done in this order, ordered like this 2.8

the-loop and re-train the model during data collection, ~ Fromptnotused 144

Thus, if players generate many questions exploiting
a particular model blind spot, the blind spot will be
fixed when the model is re-trained. This leads to
more diversity in the collected data.

Table 1: Relational prompts and their frequencies.

In our game, the initial model is ROBERTA-LARGE [24], fine-tuned on two datasets of binary
(yes/no) question, using standard multi-task training: (a) SOK examples from TWENTY QUESTIONS
(20Q){'| a question answering dataset which focuses on commonsense questions such as “Does
an aircraft fly?” (true) and “Do everyone have an alarm?” (false); and 73K automatically-
generated yes/no questions from CONCEPTNET triplets, where we transform triplets to assertions
with a manually-constructed template for each CONCEPTNET relation. For example, for the triplet

(“wheel”, “part-of”, *““car’’) we generate “‘a wheel is part of a car’ (true).

"https://github.com/allenai/twentyquestions
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We re-trained the model ve times when the number of (unvalidated) questions collected reached
1,000, 2,000, 5,000, 10,000 and 20,000. The user then gives immediate feedback to the model on
whether the model was correct or incorrect, and receives points accordB®@I8@3 in Fig.[1)).

Question validation The last step ensures that composed questions are ones that most people
would agree on. Validators answer questions independent of players, and if their answer is different
from the answer provided by the question author, then points are deducted from the player, pushing
players to ask good questions that can also be answered by other people. This step is also crucial
since we train models on collected data and need to make sure examples are not noisy.

In more detail, validators receive a proposed questim(Fig.[T)), and choose @lidation label
Validation labels indicate if the answer‘iBrue” or “False” . Other validation labels includ®on't

know” to indicate they were not able to nd an answ#ad question”for questions that do not make
sense, antiSensitive” for questions that involve sensitive topics. Questions are validated multiple
times, and a model is trained to determine the gald labelbased on the validators' selections. We
provide more detail on this model ifi §2.2. To incentivize players to provide truthful answers, we
manually label 2,753 questions, and test the users on these questions in 10% of the validations. If
players provides an incorrect answer for these questions, they lose 1 point, otherwise they gain 2
points for each validation performed in the game.

Details of point system Beating the Al (asking a question the Al gets wrong) grants the players 5
points plus 4 points if the relational prompt was used and an additional 4 points if the topic prompt
was used. If the Al is correct, the user receives a default of 3 points for the effort invested. If a
question is discarded after quality assurance, 3 points are deducted from the player who authored the
guestion, otherwise, if the nal answer is different than the one provided by the playr 2 points

are deducted. This prevents players from stating that the model is incorrect to earn more points.

2.2 Quality Assurance and Dataset Construction

We now describe the details of collecting CSQA?2 and the measures taken for quality assurance.

Automatic question veri cation To automatically Iter noisy examples, we manually label
2,753 with the label&True” , “False” , and“Bad Question” (collapsing‘Bad Question”, “Don't

know” and“Sensitive” above). We then train a linear model to predict the gold label. Features

in this linear model include: (aYalidator features The conjunction of validation label, valida-

tor accuracy, and validator experience (number of validated questions). For example the feature
Label: True,Acc:High,Exp:Low indicates that a validator that has high accuracy w.r.t the gold
labels, but little experience, indicated that the answer to the assertidruss’ ; (b) Player fea-

tures Since players also serve as validators (see below), we featurize players in a similar manner to
validators but also includes the prediction of the model-in-the-loop (yes or no).

After training the question validation model, we discard any example that is classi &8laals
Question”or questions where the con dence of the veri cation model is low. Then, we label the
question according to the prediction of the question veri cation model. Out of the questions that
pass this veri cation step, 92% are labeled correctly in the development set of the veri cation model.
Further steps for improving quality assurance are described below.

Crowdsourcing questions We used Amazon Mechanical Turk (AMT) workers to compose and
validate questions. Workers were designateplagers70% of the time, andgtalidatorsthe rest of

the time. Players receive 4.4$ when they reached 300 points. To increase the quality of the dataset,
we only keep questions composed by workers that have a validation accuracy of at least 60% on the
expert-labeled examples, and that less than 30% of the questions they author are discarded by the
automatic question veri cation model.

Adding Google snippets A possible strategy of malicious players is to nd long-tail knowledge
facts on the web and ask the model if the fact is correct or not. For exathplesters taste with

their feet”. To circumvent this, we issue a web query to Google search for every question and take
the top-100 returned snippets, as well as the featured Google snippet, if it exists. We then Iter out
guestions for which there is a snippet with a contiguous span that has very low edit-distance to the
authored question. This process leads to the ltering of 421 questions from the nal dataset. Aside



for quality assurance, in 85 we also investigate whether using Google snippets as additional context
can improve the performance of models on CSQAZ2.

Overall, from the 144,682 questions that were authored, we selected a total of 14,343 examples. The
average total cost per question is $0.17 (compared to $0.33 in CommonsenseQA 1.0 [29]).

3 Game Analysis

To increase the motivation of players to beat the
Al, we experimented with various forms of user
feedback. We now analyze how such feedback
affects the collected data.

Feedback on performance We experimented
with showing players a bar-chart indicating (a)

the fraction of authored question where the. ) : . )
.~ Figure 3: Feedback given to users during the game. Left:
player beat the Al (Al beat-rate), (b) the fraction,eqics on average daily player performance. Right: no-

of questions that passed the veri cation mode|cation on a bad question that leads to point deduction.
and (c) the fraction of correct validations w.r.t

the expert-labeled set described above (Fig. 3, left): under 15% in red, under 30% in yellow, and
above 30% in green. Interestingly, the average Al beat-rate increased from 26.8% in the 10 days
before the introduction of the feedback feature, to 35% in the 10 days immediately after the change.

Validation feedback We provided daily

noti cations to players, where we showed

them questions where validators changed

the answer, or questions that were discarded

because they were predicted by the auto-

matic question veri cation model to be a
“Bad Question” (Fig. 3, right). Moreover, as

mentioned in 82.1, we introduced a 3-point

penalty for such cases. Noti cations led to

a 4.8% absolute increase in average positive

validations (i.e., the validators agree with the

yes/no answer given by the player). However,

this also led to questions that are easier for

the model — Fig. 4 (dashed black line) showgigure 4: Baselines acc. over question composition time.
that after noti cations were introduced, the

average accuracy of models on questions increased, for exadwleprN-11B [25] improved

from 0.66 average accuracy to almost 0.70. This is since players are more hesitant to author questions
that may be too dif cult for validators. Our analysis emphasizes how subtle design choices in the
game can lead to signi cant rami cations on players' motivation and data quality.

Model re-training  We re-trained the model-in-the-loop ve

times during the data collection period. Fig. 4 shows in red

the dates in which the model-in-the-loop was trained, as well

as the performance (Y-axis) of our best performing baselines,

UNICORN [25] and T5 [2€], on development set questions dur-

ing those dates. Performance drops signi cantly and consis-

tently from 0.74 to 0.66 as the model-in-the-loop, ROBERTa-

Large, is re-trained, indicating that a stronger model drives, e 5: Sentiment words in com-
players to compose more challenging questions, and that {igs

rise in dif culty is shared across pre-trained models.

The fun factor At the end of each playing session, players were encouraged to leave feedback.
We selected sentiment words out of the 100 most frequently used words in the comments, shown
in Fig. 5. We nd that users enjoy the game and mostly use positive sentiment words. Fun is an
important factor in encouraging high engagement, allowing us to select annotators that are better at
beating the Al, while maintaining a low average cost.
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