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Abstract
When users want to write a story with a lan-
guage model (LM) assistant such as ChatGPT,
it is often very difficult to provide a prompt
that clearly specifies all their interests. For
the providers of LM assistants, it is also diffi-
cult to ensure their output stories come from a
dataset without copyright concerns. Motivated
by these limitations, we propose a coarse-to-
fine (C2F) tree-based story generation frame-
work, which is called C2F-StoryTree, where
the LM iteratively generates more and more
specific story prompts based on a user’s input
prompt and the desired plot selected by the
user. To realize our C2F-StoryTree framework,
we propose an entailment hierarchy (EH) text
structure, in which a more specific response en-
tails more general prompt (e.g., a story entails
a summary). We also propose novel annotation
tasks, decoding methods, and a human-and-
machine-in-the-loop procedure to minimize the
annotation cost of building the text structure.
We build an entailment hierarchy dataset on top
of the story datasets with desired licenses and
styles, on which the service providers can fine-
tune or evaluate their LMs. In our experiments,
we demonstrate that our C2F-StoryTree system
not only allows users to collaborate with a LM
in a new paradigm, but also generates the short
stories with human-level quality. Furthermore,
our entailment hierarchy and C2F generation
substantially make the generated stories more
diverse, coherent, engaging, and creative.

1 Introduction

As (large) language models (LMs or LLMs) be-
come more and more powerful, many users have
started using an LM to assist their creative writing
tasks, so improving the user experience of writ-
ing stories with LM is more important than ever.
Typically, a user would provide the LM with a
prompt that specifies their intent, read the gener-
ated stories, and modify the prompt accordingly
in a dialog if they are unsatisfied with the genera-
tion outputs (Xu et al., 2018; Peng et al., 2018; See
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Figure 1: (a) In the typical framework, users often
have to repeat the cycle of reading the undesired stories
and modifying the prompts in a dialog and the service
providers often cannot reduce the risks of infringing
copyrights. (b) In our C2F-StoryTree framework, a user
can write a general summary/hypothesis, and then our
LM provides a more specific summary. The user can
choose the desired specific summary as the prompt for
the short story, and so on to iteratively expand the story.
To realize this framework and give providers more con-
trol, we build an entailment hierarchy (EH) dataset and
train an LM at each layer to iteratively expand the story
prompt.

et al., 2019; Zhong et al., 2023; Xie et al., 2023;
Yao et al., 2023a). However, this typical workflow
is often not satisfactory to users for several rea-
sons. First, it usually takes lots of effort to come
up with a good prompt (Yuan et al., 2022; Mishra
and Nouri, 2022) because users often only have
a vague idea about the stories they want to write.
Second, since the models generate the full story
directly, users lack an intuitive way to control the
main plot of the story. Finally, generating many
long stories could be computationally expensive,
and to a user, reading these undesired long stories
again and again is highly cognitively demanding.

Besides users, the service providers also lack
control over LLM generations. For providers, it
is hard to identify the exact source of each output



General Summary/Hypothesis as the Input Prompt: "A girl achieved something impressive."
Short Story from CG (Conditional Generation): "A girl was very tall with a long teeter totter. But she wanted to do something with it. Her parents bought her a teeter totter.
The girl sat on the stool and stared at it intently. She had finally completed something that would be impressive to her mom."

Stories from EH + rerank (T5-3b FT)
Specific Summary from T5-3bh2s Short Story from T5-3bs2s Long Story from T5-3bs2l

Text RS Text RS Text
1. A young girl did something extraordinary during the school year. 0.79 1. Amy was a nerd, a nerdy teen. ...

So when she heard about the test she
was scared. She figured, she would
have to jump rope. ... She threw the
rope and she got a straight A! She was
so happy!

2. A girl had a great achievement on her birthday. 0.77 0.99
3. A girl has become a runner after running a half marathon. 0.73

1. Amy had a test on Friday. She was very
scared. She decided to jump rope. Amy threw
the rope very hard. Amy got a straight A.

4. A girl did something impressive at the end of the day. 0.65 2. A gymnast went to her gymnastics team
practice. ... She got on the trampoline and
started to flip. ... Her coach was proud.

5. A student made an impressive effort to reach her goal. 0.25 0.98
6. Someone had an experience with achieving something at school. 0.03

Table 1: An example generated by our C2F-StoryTree framework and the conditional generation baseline. We
highlight the selected text for generating more specific text. RS refers to the reranker scores.

story. Therefore, we do not know if the story is pro-
tected by copyright (Ippolito et al., 2022a; Chang
et al., 2023; Min et al., 2023; Reisner, 2023) and
we cannot share our profits with the authors of the
original story. Moreover, it is also difficult to re-
move the undesired stories, increase the diversity
of stories (Jentzsch and Kersting, 2023; Eldan and
Li, 2023), or include some stories that are filtered
by LLM’s content moderator (e.g., crime stories).

Motivated by users’ dissatisfactory experience
and providers’ controllability requirements, we pro-
pose C2F-StoryTree, a coarse-to-fine tree-based
generation framework that iteratively increases the
specificity and length of the story prompt. In the
example of Table 1, a user inputs "A girl achieved
something impressive" as the prompt. The typical
conditional generation baseline would directly out-
put a short story. In contrast, C2F-StoryTree first
provides several more specific prompts. Assum-
ing the user chose the highlighted option, our sys-
tem generates multiple short stories. The user can
further select the highlighted short story to create
longer stories. Using C2F-StoryTree, the human
and machine can work together to iteratively build
a search tree structure from coarse to fine.

In Figure 1, we can see the coarse-to-fine gener-
ation process leads to a hierarchical structure. We
assume each prompt is implied (entailed) by multi-
ple more specific prompts1 (i.e., each node in the
upper layer is entailed by multiple nodes in the
lower layer), so we call the text data structure an
‘entailment hierarchy’ (EH). We use crowdsourc-
ing to build an EH dataset, which consists of thou-
sands of entailment labels between the text layers,
and show that this new dataset helps the service
providers enhance or evaluate an LLM while min-
imizing the copyright concerns. In short, the pro-

1To reduce the scope of this work, we assume the prompts
do not contain format constraints (e.g., the story must have
some keywords or length).

posed C2F-StoryTree framework gives both users
and providers more control on the story generation.

In this study, we focus on minimizing the cost
of constructing the EH dataset to maximize our
impact. We propose a novel fine-to-coarse EH con-
struction method to realize the coarse-to-fine story
generation framework: First, we identify a dataset
containing many desired stories, which allows us
to negotiate the profit sharing with the authors of
the stories. Second, we construct the EH dataset
from bottom to top. As shown in Figure 1 (b),
we collect the common summaries of two similar
stories in the dataset (i.e., generating one parent
node that is entailed by two children nodes) and
use similar methods to construct the other upper
layers. To further reduce the cost of generating
the common summaries, we propose an EH con-
struction method that leverages a novel decoder,
reranker, crowdsourcing, and human-and-machine-
in-the-loop techniques. Finally, we realize the C2F-
StoryTree framework by training seq2seq models
on the EH dataset that generate lower-layer nodes
given an upper-layer node (e.g., generating short
stories based on a specific summary).

In our experiments, we evaluate our EH con-
struction methods and compare the story generation
systems with or without the EH. The results show
that the proposed method built on T5-3b (Raffel
et al., 2020) increases GPT3.5’s probability of suc-
cessfully generating the common summary (from
45.5% to 72%). We also show that our EH built
on ROC stories (Mostafazadeh et al., 2016) could
significantly improve the short stories generated
by T5-3b or Vicuna 7B (Chiang et al., 2023) in
most automatic and human evaluation metrics (e.g.,
engagement and creativity). Furthermore, our com-
mon summary writing task naturally provides a
specificity measurement of our prompt, which lets
us discover that LLMs perform very differently on
story generation given the prompts with different



Molly went to Las Vegas with a couple 
co-workers. She decided to only 
gamble forty dollars. … Molly ended 
up winning six thousand dollars.

The couple took a trip to Las 
Vegas. … They put $100 on the 
roulette table. The casino 
employee spun the wheel. The 
couple won $200!

Alex owned a lot of money to a loan shark. 
… He went to the casino and gambled 
everything he had left. “In a lucky strike, he 
quadrupled his earnings.” …

Jeff needed a big amount of 
money. … Jeff bet all of his 
life savings on the basketball 
game. Jeff won and covered 
the spread to win it all.

People went to Las Vegas and won 
lots of money through gambling. 

A man needed lots of money, so he 
bet all his money. He won and earned 
lots of money from the gambling.
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Figure 2: The realization of C2F-StoryTree in this work. (a) We construct the entailment hierarchy (EH) by
leveraging existing resources and machine-and-human-in-the-loop techniques. After fine-tuning the models using
the crowdsourced EH, we generate summaries for ROC and WritingPrompts (WP). (b) We train seq2seq models to
generate lower-layer text from upper-layer text and achieve the coarse-to-fine (C2F) generation.

specificity levels.

2 Entailment Hierarchy Construction

As illustrated in Figure 2 (a), we summarize each
lower node into the upper node in the fine-to-coarse
direction. The fine-to-coarse construction is much
more cost-efficient than the coarse-to-fine manual
story writing because it is very expensive to hire
humans who can write diverse good stories given a
prompt (Li et al., 2023a). In contrast, writing the
summaries for a story in an existing dataset could
be easily done by a crowdsource worker.

In the following subsections, we describe our
method of building the specific summary layer
given a short story dataset. From left to right of Fig-
ure 2, we first describe how we ask humans (crowd-
workers) to write the specific summaries given the
stories in Section 2.1. Next, we describe how a ma-
chine (LM) generates the summary using a novel
decoding method and reranker in Section 2.2. In
Section 2.3, we leverage the annotations from hu-
mans, the predictions from machines, and the exist-
ing resources to minimize the cost of building the
specific summary layer.

Our methods of constructing the other two upper
layers are similar to the method described in this
section. Due to the space restriction, we describe
the adjustments of our construction methods in
Appendix E and Appendix F.

2.1 Common Summary Writing Task

We want to build an entailment hierarchy (EH) on
top of a pool of stories with the desired style and

licenses. To ensure the quality of the EH, we first
hire humans to build an upper layer based on the
lower layer (e.g., writing their summaries that are
entailed by the stories).

In Figure 3 (a), we compare the different options
for establishing entailment relation between lay-
ers. The method on the right side is a standard
option: asking annotators to summarize each story
in a dataset. However, using this method to build
the entailment hierarchy is problematic. The sum-
maries written by workers could be too specific or
too general, which makes the resulting hierarchy
too deep or too shallow, respectively. A too shallow
tree cannot allow users to iteratively specify their
interests while a very deep tree is more expensive
to construct and may require user’s selections too
many times. The standard story writing given the
prompt on the left side of Figure 3 (a) also has
this problem. The human writers need to carefully
control the specificity of their summaries/stories so
that the next prompt would become significantly
more specific than the last prompt, while not be-
coming too specific to generate the diverse stories
in the lower layer.

To reduce the cost and better control the speci-
ficity, we propose a common summary writing task.
We ask crowd workers to write a common sum-
mary given two similar short stories. A common
summary is a statement that is a summary of every
single child node in the entailment hierarchy while
being as specific as possible. The common sum-
mary writing task substantially reduces the speci-
ficity ambiguity, makes the answer more verifiable,
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The couple took a trip to 
Vegas. … All of the lights 
were amazing! They 
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Figure 3: (a) Comparison of options for constructing
the entailment hierarchy. (b) The task and our model
of generating a common summary. We input story A,
story B, and their concatenation into a summarization
model and during the decoding time, we merge their
generation probabilities word by word in order to get
the common summary of both story A and story B.

and increases the number of free story-summary
pairs we can derive from the transitive closure.

In Figure 3 (b), we visualize the two sets of
possible summaries of two stories and their com-
mon summary in the intersection of the two sets.
When a worker is asked to just summarize story
A, the worker is allowed to provide a very specific
summary, a very general summary, or a very triv-
ial summary (e.g., copy the first sentence) in the
big blue circle. In contrast, in our common sum-
mary task, the workers cannot write too specific
summaries that cannot be entailed by both stories.
The workers are also incentivized to provide more
specific summaries to prevent their response from
being rejected due to the instruction violation. Fur-
thermore, the workers often need to summarize the
stories creatively to increase the specificity (e.g.,
the common summary in Figure 3 (b) mentioned
people had a great time, which is not explicitly
mentioned in both stories).

2.2 Common Summary Generation
To generate the common summary of stories A and
B, we train a seq2seq LM model that can summa-
rize a single story and a pair of stories.

2.2.1 Joint Decoding with Concatenation
During testing, our goal is to generate a statement
that is a likely output of the LM given story A (i.e.,
likely summary of story A), a likely output given
story B, and a likely output given their concatena-
tion simultaneously. In the example of Figure 3
(b), given the common context “People ...”, the LM
should not output partied (unlikely for story B)
and drank (unlikely for story A). Instead, the LM
should output gambled as the next word because
“People gambled ...” could be a summary of story
A and a summary of story B. Since each word in
the common summary should not have a low gen-
eration probability given each of the three different
inputs, we average the logits of their probabilities
during the decoding. That is, the probability of the
next word x at time t+ 1 is computed by

Pt+1(x|S) =
exp(

∑
s∈S(hs)

Twx)∑
x′ exp(

∑
s∈S(hs)Twx′)

, (1)

where the input set S = {A ⊕ ct, B ⊕ ct, A ⊕
B⊕ ct} are the concatenation of each story and the
current decoded context ct, hs is the hidden state
of the input s, and wx is the word embedding of x
in the output softmax layer.

Using this decoding method, we can leverage the
ability of an existing pretrained model to summa-
rize a single story and the partially correct crowd-
sourced statements that summarize only one of the
stories. This extra training data is especially helpful
when we only have a few crowdsourced summaries
in the beginning.

2.2.2 Reranker
We use top-k sampling (Fan et al., 2018) to generate
several candidate summaries and use a reranker to
filter out the ones that are less likely to be implied
by the input stories, which has been shown to be
very effective in summarization tasks (Ravaut et al.,
2022). The reranker is a cross-encoder that takes
a story and a summary candidate as its input and
predicts the likelihood that the story entails the can-
didate. The final score of a candidate common sum-
mary is the minimum of its implication likelihoods
from story A and from story B. The reranker is pre-
trained using the existing summarization dataset(s)
and fine-tuned using our crowdsourced labels.



2.3 Data Collection using
Human-and-Machine in the Loop

First, we ask workers to write common summaries
and other workers to verify their answers. After
collecting a few hundred summaries, we train an
LM and a reranker to provide the summary can-
didates so that the worker just needs to verify the
generated candidates. Verifying the generated sum-
maries saves lots of writing effort and cost (Clark
et al., 2018; Bartolo et al., 2022; Liu et al., 2022),
provides many valuable negative examples to train
the reranker, and could be used to evaluate the gen-
erated common summaries.

We use a T5-3b (Raffel et al., 2020), which has
been pretrained for summarization tasks, as our
seq2seq LM to generate a common summary of
the two input stories. We choose DeBERTaV3-
large (He et al., 2021a,b) as our reranker model
and pretrain it using XSum (Narayan et al., 2018),
a large summarization dataset that includes news
from various domains.

We use Amazon Mechanical Turk (MTurk) to
conduct crowdsourcing. Every written summary
is verified by other workers to ensure good data
quality and exclude inadequate workers. We ran-
domly sample ROC stories (Mostafazadeh et al.,
2016) with the top 2 highest sBERT similari-
ties (measured by all-mpnet-base-v2 (Reimers and
Gurevych, 2019)). Next, we ask workers to write
and verify their common summaries.

Initially, we need to spend around $2.6 in the
MTurk tasks to receive 4 entailment labels and 3.3
labels are positive. We find that around 300 com-
mon summaries are enough to train a high-quality
generator. Then, the cost of getting 10.9 positive
labels among 20 labels is reduced to around $1.5 in
MTurk verification-only tasks. In total, we spend
$630 US dollars to collect 3442 entailment labels
between 1684 summaries and 497 stories, among
which 2268 pairs are positive examples.

3 Coarse-to-fine Story Generation

The quality of the story generator depends heav-
ily on the training set size, but many stories in
our dataset do not have summaries. To augment
the training data, we generate three summaries of
each story in the ROC dataset. Then, we train T5-
3bs2s that outputs the short stories given each of
their generated summaries as shown in Figure 2 (b).
Similarly, we train T5-3bh2s to generate the spe-
cific summaries after collecting their corresponding

general hypothesis (see Appendix E for details) and
train T5-3bs2l to generate the long stories based on
the short stories (see Appendix F).

4 Experiments

In the following subsections, we evaluate our gen-
erated common summaries given two short stories
and evaluate the generated short stories given a
common summary as shown in Figure 2. Please
see more experiments in Appendix D and more
details of our evaluation process in Appendix H.

4.1 Common Summary Generation Setup
To evaluate the decoding method and reranker pro-
posed in Section 2.2, we randomly sample 100
story pairs in the ROC dataset that are unseen in
our training data, and compare the generated com-
mon summaries from each method.

Common Summary Generation Methods: We
compare our generation LM and reranker with
GPT3.5 in-context learning. Then, we conduct an
ablation study on our decoding methods in Figure 3
and Section 2.2.1. Joint decoding (JD) removes
the reranker and the concatenation of story A and
B. DynE (Hokamp et al., 2020) is the same as JD
except that we average their probabilities rather
than logits in Equation 1. Joint decoding with con-
catenation and reranker (JDC + rerank) is our
proposed method. All our models are fine-tuned
using the entailment relation from short stories to
the specific summaries we collected. We augment
our training dataset by also including the entail-
ment relation from short stories to the general sum-
mary/hypothesis through transitive closure. (e.g.,
A → S → G implies A → G) and call the resulting
model JDC + rerank + hypo.

Metrics: We automatically measure the fluency us-
ing the perplexity of GPT-2 XL (Radford et al.,
2019) and the diversity using the ratio of unique
n-gram (dist-n) (Li et al., 2016). In our human eval-
uation, the workers label a 1-5 score for fluency,
how likely the generated text actually summarizes
both stories (Entail 2), the probability of summa-
rizing each story (Entail 1), and how likely it could
summarize another story similar to story A (Speci-
ficity). If the generated summary is too general
(e.g., The story is about an accident), the summary
might be entailed by all the stories sharing similar
topics. Contrarily, if the generated summary is spe-
cific enough, the probability of summarizing the
story similar to an input story would be low.



Training Data Size Automatic Metrics Human Judgement
Model Specific General Fluency Diversity (%) Entail-2 Entail-1 Fluency Specificity (↓)

Method Size Summary Hypothesis len ppl (↓) dist-1 dist-2 (%) (%) (%)
GPT3.5 (text-davinci-003) 1 Shot

175B
1 19.27 9.51 36.86 64.90 44 66.3 4.58 23.5

GPT3.5 (text-davinci-003) 5 Shot 5 15.87 9.05 37.98 69.17 45.5 66.5 4.69 25.5
DynE (Hokamp et al., 2020)

3B

3.4k 11.56 10.08 41.41 67.04 25 35 4.45 26.5
JD 3.4k 12.16 10.01 41.20 66.85 25 37 4.53 24

JDC 3.4k 11.05 10.19 41.04 65.32 33 47 4.53 26.5
JDC + rerank 3.4k 10.64 10.24 33.18 54.17 58 69.5 4.66 38

JDC + rerank + hypo 3.4k 1.9k 10.04 10.30 34.29 54.89 72 80.5 4.68 48

Table 2: Comparison of common summary generation methods. We use T5-3b models trained by the entailment
hierarchy in dynamic ensemble (DynE) (Hokamp et al., 2020), joint decoding without concatenation (JD), joint
decoding with concatenation using Equation 1 (JDC), our method with reranker (JDC + rerank), and our method
trained by all summary/hypothesis layers (JDC + rerank + hypo). Entail n means the probability that the summary is
implied by n stories. len is story length. ↓ means lower is better and the best scores are highlighted.

4.2 Common Summary Generation Results
The results of Table 2 show that every method can
generate fluent summaries. JDC + rerank and
JDC + rerank + hypo have a much higher Entail 2
(i.e., its generated common summary is more likely
to be entailed by both input stories) compared to
GPT3.5 while GPT3.5’s common summaries are
more specific. The lower Entail 2 of other base-
lines demonstrate the effectiveness of our proposed
components, especially the reranker.

4.3 Short Story Generation Setup
One author of this paper wrote 60 common sum-
maries/hypotheses for the pairs of stories in ROC
dataset (Mostafazadeh et al., 2016) with various
similarities. We treat the summaries/hypotheses as
the user’s prompt and one of the two stories as the
reference story. We assume the user wants to have
the output stories similar to the reference story. In
Appendix F.2, we also compare the quality of the
generated long stories.

Short Story Generation Methods: The condi-
tional generation (CG) baseline directly outputs
the story given the prompt, and the other methods
use coarse-to-fine (C2F) generation. At each gen-
eration iteration, EH (entailment hierarchy) selects
the prompts randomly, and EH + rerank selects the
prompts using our reranker. To simulate the user’s
selection preference, EH + rerank + sim selects
the prompts according to both the reranker scores
and sBERT similarities to the reference stories.

To show the generality of our framework, we
report the performance of replacing T5-3bs2s with
GPT-J 6B (Wang and Komatsuzaki, 2021) and Vi-
cuna 7B v1.3 (Chiang et al., 2023). Similarly, we
replace the T5-3b model in the CG baseline with
LLM using 5 shot in-context learning including Vi-

cuna 7B, GPT3 175B, and GPT3.5 175B. To know
our upper bounds, we report the ROC NN stories
baseline, which retrieves the three human-written
stories in the ROC dataset that have the highest
sBERT similarities with the reference story.

Metrics: In automatic evaluation, we compare the
similarity to the reference story and the similarity to
the input hypothesis. The relevant but creative out-
put stories should have high reference similarity but
low input similarity. We provide three automatic
similarity measurements: ROUGE 1 F1 scores (Lin,
2004) (R1), R2, and sBERT similarity scores. To
compare the generation diversity, we measure the
dist-1 and dist-2 of three generated stories from
each method given each summary/hypothesis.

In human evaluation, we report the results of two
evaluation rounds. One for open-source models and
one for the other models. Each round is done by
different sets of MTurk workers, so they are not di-
rectly comparable. The workers judge if the gener-
ated story entails the input summaries/hypotheses,
and give a 1-5 score to various quality metrics,
including relevancy, creativity, coherence, and en-
gagement.

4.4 Short Story Generation Results

Round Results of the Open-Source Models: Ta-
ble 3 shows that EH + rerank significantly outper-
forms the conditional generation (CG) baseline in
every human judgement dimension. EH + rerank
+ sim boosts the sBERT similarity score of EH +
rerank, which demonstrates that our C2F methods
could indeed faithfully follow the selection prefer-
ence a user posted on the intermediate iteration.

In Table 1, we qualitatively compare their gener-
ated stories. CG often follows the prompt literally



Automatic Metric Human Judgement
Reference Relevancy (%) Creativity (%) Coherence Diversity (%) Rel Pro Cr Coh Eng

Method Story Generator C2F len R1 R2 sim R1 (↓) R2 (↓) sim (↓) ppl (↓) dist-1 dist-2 (%)
Round for Generators with Open-Source Licenses

CG

T5-3b FT

46.61 25.20 4.11 45.49 24.48 11.92 53.56 10.00 37.73 73.03 2.44 83.33 2.82 3.22 2.72
EH V 47.94 23.70 3.03 43.51 14.78 2.90 44.12 9.97 42.61 81.63 2.48 71.67 3.11 3.81 2.88

EH + rerank V 47.70 25.07 3.77 46.64 16.79 3.98 48.61 9.97 40.63 78.66 2.68 92.50 3.10 3.88 2.97
EH + rerank + sim V 47.23 25.71 4.25 49.27 17.62 4.41 48.96 9.99 39.28 76.92 2.76 91.67 3.08 3.87 2.78

EH GPT-J 6B FT V 64.00 22.90 2.77 40.24 12.50 2.28 38.07 9.34 41.73 81.89 2.37 46.67 3.51 3.83 3.50
Round for Generators using Proprietary Data

CG Vicuna 7B 5 Shot 46.21 23.77 3.21 43.79 20.68 6.98 50.74 10.01 42.54 80.47 2.55 88.33 3.10 3.99 3.06
EH + rerank Vicuna 7B 5 Shot V 49.85 24.67 3.56 45.65 17.74 4.16 50.59 9.86 41.43 80.83 2.59 86.67 3.28 4.16 3.38
EH + rerank Vicuna 7B FT V 52.33 24.43 3.68 45.72 15.56 3.32 46.39 9.79 42.37 81.54 2.72 80.00 3.56 3.98 3.36

CG
GPT3 175B 5 Shot 58.37 25.15 3.46 47.57 18.43 5.50 54.82 9.55 38.93 76.97 2.95 90.00 3.42 4.13 3.59

GPT3.5 175B 5 Shot 57.91 24.94 3.46 47.26 18.49 5.37 54.41 9.57 39.71 78.26 3.02 90.00 3.67 4.35 3.63
ROC NN Stories Human 50.87 27.75 4.50 61.56 11.87 1.42 36.95 9.86 46.38 86.47 2.78 54.17 3.52 4.20 3.58

Table 3: Comparison of generated short stories. Our coarse-to-fine (C2F) generation framework selects the generated
option that has a high reranker score (EH + rerank) and our main baseline is a conditional generator without using
entailment hierarchy (CG). FT means fine-tuning, Rn is ROUGE n F1, and sim is the similarity measured by
sBERT. We report human judgments on the reference relevancy (Rel), prompt following/entailment probability
(Pro), creativity (Cr), coherency (Coh), and engagement (Eng), which are not directly comparable across the two
rounds. The best scores using a T5-3b or Vicuna 7B model are highlighted. GPT3 refers to davinci and GPT3.5
refers to text-davinci-003.

Common 
Summary

Story A Story B

Write

sBERT similarity (Specificity)

Dissimilar 
(low)

General

Similar 
(high)

Specific

Figure 4: sBERT similarity be-
tween story A and B is a speci-
ficity measurement of their com-
mon summary.

Figure 5: The linear trendlines of the short story scores from different
LLMs given the prompt with different specificity levels.

by copying some words from the input prompt.
This degrades not only the generation’s creativ-
ity and diversity but also the coherence because
the training dataset might not have any story ex-
plicitly mentioning the prompt. In contrast, EH +
rerank could generate the stories that implicitly en-
tail the input prompt mainly because our common
summary task encourages the workers and LMs to
generate highly abstract summaries.

Round Results of the Proprietary-Data Models:
Training on copyrighted stories induces many legal
risks (Reisner, 2023; Min et al., 2023), especially
for commercial usage. Nevertheless, we still evalu-
ate our framework on the LLMs that are pretrained
on many professionally-written stories (Reisner,
2023). We found that our entailment hierarchy on
top of crowd-written stories (EH + rerank) could
still significantly improve LLM (Vicuna 7B 5 Shot)
in terms of creativity, coherency, and engagement.

Compared to GPT3.5, the similar GPT3 scores
suggest those generated high-quality stories may
come from its pretraining corpus and its large
size (Carlini et al., 2022). Compared to CG

(GPT3.5 175B), our EH + rerank (Vicuna 7B
5 Shot) achieves much better diversity, length con-
trol, controllability from the C2F process, and au-
tomatic creativity scores (i.e., fewer copies from
prompts) using a much smaller LM size, but still
do worse in relevancy, coherence, and engagement.
Finally, the quality of EH + rerank (Vicuna FT)
has already been close to the quality of ROC NN
stories (i.e., human-written stories in our train-
ing data). Only its coherence and engagement are
around 0.2 behind our training stories.

4.5 Analyses using Prompt Specificity Levels

As illustrated in Figure 4, we use the similarity to
measure the specificity of the summary/hypothesis,
and the measurement allows us to compare the
story quality changes versus the specificity level of
the prompt. This new evaluation dimension gives
us several novel insights into the short story gener-
ation ability of LLMs and our methods.

First, Figure 5 shows that the stories from GPT3
get better for more specific prompts while GPT3.5
does better given more general prompts, probably
because SFT and RLHF (Ouyang et al., 2022) filter



out the low-quality stories for the general prompt
while reducing the number of valid stories for the
specific prompt (Florian et al., 2024). Second, com-
pared to 5-shot learning, fine-tuning Vicuna 7B us-
ing our dataset significantly boosts creativity due
to our abstract common summaries and plenty of
training stories. For the specific prompt, its creativ-
ity is even better than GPT3.5 and GPT3 signifi-
cantly. High creativity and diversity are often the
most desirable properties for some writers seeking
new ideas (Ippolito et al., 2022b). As far as we
know, this is the first study that demonstrates the
feasibility of significantly surpassing GPT3.5 for
this purpose using a much smaller LM size and the
open-source crowd-written stories.

5 Related Work

Similar to our work, several studies (Drissi and
Kalita, 2018; Chen et al., 2019; Yang et al., 2022a;
Li et al., 2023b; Zhong et al., 2023; Yang et al.,
2022b; You et al., 2023; Lee et al., 2024) advocate
using summaries/outlines to control the story gen-
eration. In their work, the mapping between story
and summaries could come from existing summa-
rization datasets, off-the-shelf summarizers, or the
power of LLM, while we focus on cost-effectively
building the summarization datasets/models at mul-
tiple granularities to support the coarse-to-fine story
generation.

Multi-granularity summary or reasoning process
of LM could also be constructed automatically. For
example, Xu et al. (2018) extract an event as a
skeleton of the target story, Peng et al. (2018);
Yao et al. (2019) use keywords as a plan of gen-
erating stories, Tan et al. (2021) iteratively adds
more and more keywords into the plan, Zhong et al.
(2022) use the number of extracted events to con-
trol the summary granularity, and Mishra and Nouri
(2022); Narayan et al. (2023) use question and an-
swer pairs to guide the writing process. Saha et al.
(2022); Hosking et al. (2023, 2024); Chowdhury
et al. (2024) infer the latent tree structure in the
summarization tasks in order to improve its trans-
parency or controllability. Mohri and Hashimoto
(2024) use LLM to build a structure similar to
our entailment hierarchy to control the trade-off
between the factuality and specificity. Chain of
thoughts (Wei et al., 2022) or tree of thoughts (Yao
et al., 2023b) iteratively generate the thinking pro-
cess of LLM. Nevertheless, the lack of intermediate
supervision often hurts their performance (Light-

man et al., 2023; Kabongo et al., 2023).
Our entailment hierarchy is related to entailment

graphs (Kotlerman et al., 2015; Hosseini et al.,
2018; Cattan et al., 2023). The work discovers
the entailment relation between existing sentences
while our work generates the summary/story that
has the entailment relation with the existing input
story/summary. Our iterative story expansion is
different from iterative document revision or sim-
plification (Du et al., 2022; Dwivedi-Yu et al., 2022;
Schick et al., 2022; Cripwell et al., 2023), where
there might not be an entailment relation between
the original document and the revised document.

Our proposed entailment hierarchy is also re-
lated to entailment tree (Dalvi et al., 2021; Chen
et al., 2023) or multi-premise NLI (Lai et al.,
2017). However, their hypothesis often needs to
be implied by multiple premises together, which
is not applicable to the story generation tasks.
Similarly, our problem is different from multi-
document summarization (Xiao et al., 2022; Wol-
handler et al., 2022), multi-section summariza-
tion (Stiennon et al., 2020), or sentence union gen-
eration (Hirsch et al., 2023). Our goal is to find
the intersection statement mentioned in every input
while their goal is to have the union statement that
covers the important facts in all inputs.

6 Conclusion

In this work, we propose the C2F-StoryTree frame-
work, which allows the user to plan the story plots
with the LM. By allowing users to see and partic-
ipate in the LM’s plot planning process, the LM
story generation system becomes much more trans-
parent, controllable, and trustworthy (Yang et al.,
2022b). For example, the user can select/revise
the story summaries to get the desired plot before
reading long-generated stories, or let the system
automatically select the summary with the best
reranker score.

We propose cost-efficient ways to realize the
C2F-StoryTree framework using existing story
datasets and crowdsourcing. To reduce the cost,
we convert the coarse-to-fine story writing tasks
into fine-to-coarse summary writing tasks. More-
over, we propose the common summary task to
control the specificity of the summary in an entail-
ment hierarchy (EH). By combining several (novel)
techniques, we are able to spend less than 1k dol-
lars to construct our EH dataset.

In our experiments, we demonstrate (i) In the



common summary generation task, a T5-3b and
reranker fine-tuned on the collected dataset outper-
form GPT3.5 by a large margin. (ii) The speci-
ficities of common summaries let us discover that
the SFT and RLHF in GPT3.5 improve the story
quality given the general prompts much more than
specific prompts. (iii) Our C2F-StoryTree allows
the users to steer the story generation toward their
desired direction (i.e., higher sBERT similarities
with the reference story in our simulation exper-
iment). (iv) The collected dataset drastically im-
proves the short story generation capability of the
open-source models. After fine-tuning Vicuna 7B,
we achieve much more diverse and creative stories
than GPT3.5 given specific prompts.

7 Limitations

The main goal of this paper is NOT to build a state-
of-the-art story generation system. Instead, the
goal of this paper is to propose novel ways to con-
struct the dataset that can support a coarse-to-fine
story generation system and alleviate copyright con-
cerns. Our experiments focus on showing our novel
dataset construction method is better than other al-
ternatives and our resulting datasets can improve
the story generation ability of LMs. Therefore, we
do not compare our methods with the latest LLMs
and prompting techniques.

Our methods rely on all-mpnet-base-v2, a state-
of-the-art pretrained sentence BERT (sBERT), to
estimate the similarities between two stories and
similarities between two summaries. Although the
off-the-shelf similarity model tends to give a high
similarity score to two stories sharing some top-
ics or mentioning similar keywords, we observe
that it seems to be insensitive to the differences in
story plots with the same topic (Xu et al., 2023).
Due to the imperfect similarity measurement, our
collected common summaries are usually not very
specific, which prevents us from building a deeper
tree and degrades C2F-StoryTree’s capability of
handling more specific prompts/summaries. This
also causes difficulties in simulating user selection
in our experiments.

The quality of our generated stories is limited by
our training data. Most of the professionally writ-
ten stories are long and protected by copyright and
not allowed for commercial usage, so we choose
to build our entailment hierarchy on ROC stories,
which are crowdsourced short stories and have the
CC BY-SA 4.0 license. Nevertheless, the choice

limits the upper bound of the quality of our gener-
ated stories. Moreover, the quality of our generated
long stories still has plenty of room for improve-
ment, especially its coherency (see Appendix F.2).
One reason is that the stories in the ROC dataset are
very different from the ones in the WP dataset in
terms of story themes and writing styles. Another
reason is the high cost of manually summarizing a
long story into a short story.

Finally, ChatGPT/GPT3.5 could often achieve
performance comparable to the fine-tuned state-of-
the-art models in non-adversarial NLP tasks (Piku-
liak, 2023; Laskar et al., 2023) and could perform
much better on summarization tasks (Goyal et al.,
2022), so it is surprising that GPT3.5 often fails to
generate a common summary and its performance
almost remains the same after seeing more train-
ing examples or the manual prompt tuning in Ap-
pendix D.1, while a T5-3b model with a reranker
fine-tuned on only 3.4k labels could do much bet-
ter. In this study, we did not analyze the main
reasons for failure. For example, is GPT3.5’s error
from its weakness of entailment inference (Kıcı-
man et al., 2023; Gao et al., 2023; Jin et al.) for sto-
ries, its knowledge on generating multi-document
summaries, or not understanding the task instruc-
tion because it never sees similar tasks before.

8 Ethical and Broader Impact Statement

By fine-tuning LLM using the licensed stories, the
LLM would often output the variants of the stories
in the fine-tuning dataset. Thus, we can also reduce
copyright disputes and establish a mechanism for
sharing profits with writers. We can convert our
entailment hierarchy into multi-turn dialogues to
supervisedly fine-tune LLMs (see Appendix C.2)
or evaluate LLMs. We can also generalize our sum-
maries to include more types of prompt constraints
such as keywords, which allows us to better control
the specificity of prompts and reduce the cost of
collecting supervised fine-tuning data for LLM (Li
et al., 2023a) through the transitive closure. In this
study, we conduct all our experiments on stories,
but our entailment hierarchy could be applied to
any text genre such as Wikipedia, scientific papers,
the latest news, and private technical documents
inside a company.

Our proposed common summary task can also
be used in not only story/text generation but also
fine-grained text categorization or information re-
trieval. Previously, the taxonomy and ontology



were usually manually defined and usually coarse-
grained. We can recursively build the ultra-fine-
grained taxonomy using our common summary
task and human-and-machine-in-the-loop construc-
tion approach.

Finally, the wide applicability of our approach
poses a risk. Malicious users could potentially
build an entailment hierarchy on biased or toxic
stories and generate similar stories with lower costs.
Therefore, in each application, proper content fil-
tering techniques should be adopted to mitigate the
risk.
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A Appendix Overview

In the appendix, we will list our main contribu-
tions in Appendix B, provide additional motiva-
tions in Appendix C, provide more experiment re-
sults in Appendix D, describe our general sum-
mary/hypothesis generation method in Appendix E,
describe our long story generation method and eval-
uation in Appendix F, provide a formal definition
of entailment hierarchy in Appendix G, describe
some experiment details in Appendix H, present the
details of our models in Appendix I, and report the
details of our crowdsourcing tasks in Appendix J.

B Main Contributions

• We propose C2F-StoryTree, a coarse-to-fine
tree-based story generation framework. Com-
pared to the typical story generation workflow,
our framework is more controllable and trans-
parent and can lead to high-quality stories that
align well with the user’s interest.

• We propose a cost-efficient bottom-up way to
build an ‘entailment hierarchy’, a text data struc-
ture for realizing the framework, using human-
and-machine in the loop and existing public
datasets in the creative writing domain.

• We propose a new common summary writ-
ing task, which avoids the resulting sum-
mary/prompt from being too specific or general.
In the task, we can also measure the specificity
of the prompt using the similarity of the two
input stories, which allows us to test the per-
formance of different models given different
prompt specificities.

• We propose a novel method to generate a com-
mon summary of two stories using joint decod-
ing and reranker. We demonstrate that our fine-
tuned model is much better than GPT3.5 few-
shot in-context learning.

• We design a series of MTurk tasks to mini-
mize the cost and maintain the high annotation
quality. Our method allows us to build a high-
quality 2-layer entailment hierarchy on top of
5-sentence stories by spending less than $1000
on MTurk.

• We design and conduct comprehensive evalua-
tions to compare the quality of common sum-
maries and stories from different generation sys-
tems in various aspects.

C Additional Motivations

We motivate our C2F-StoryTree framework and
entailment hierarchy datasets from two more per-
spectives: search and supervised fine-tuning.

C.1 The Story Search Perspective of
C2F-StoryTree

When a user interacts with a creative writing LM,
his/her goal could be viewed as searching the good
stories of interest among all the possible stories
generated by the LM, while using a prompt as a
constraint to exclude the undesired stories. In Fig-
ure 6, we compare the two workflows. The typical
workflow randomly picks a story from the set of
stories that satisfy the constraint and the user needs
to verify each random story sample. The process
is inefficient because writing a prompt (constraint
construction), random sampling (generating the
story), and verification (reading the story) are all
very expensive and time-consuming. Motivated
by this need, we propose to search in a coarse-to-
fine tree-based fashion. Given a prompt, the LM
provides some short summaries representing the
clusters of stories that satisfy the constraints and
these summaries could directly become the prompt
in the next round, which greatly accelerates the
search process.

C.2 Multi-turn Supervised Fine-Tuning

The impressive story generation capability of LLM
relies on its huge training corpus from the Inter-
net (Carlini et al., 2022), but the Internet defi-
nitely does not contain all possible good stories
or prompts humans could write, especially if we
only consider the ones without copyright protec-
tion. Therefore, how to cost-efficiently construct
the dataset with the prompts/stories LLMs haven’t
seen before remains a very important research topic
in the era of LLM. We can use the dataset to not
only evaluate or improve the single-turn story gen-
eration ability of LLMs as shown in our experiment,
but also easily construct a multi-turn supervised
fine-tuning (SFT) dataset.

For example, we can construct SFT that al-
lows the LLM to proactively suggest more specific
prompts to help users clarify their intentions as in
Figure 1. Besides, we can construct a SFT dataset
to help another common scenario where the user is
not satisfied with the current response of the LLM
and wants to see the alternatives. The following
template is an example to reduce the chance of
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Figure 6: The comparison of existing assistants and our assistant. Each circle refers to a set of stories that satisfy the
constraint. (0) a user provides a general initial prompt. Existing workflow: (1) The user reads the story and rewrites
the prompt. (2) The LM cannot generate a good story for a new specific prompt. (3) The user feels frustrated
after reading two long stories and writing two specific prompts. Proposed workflow: (i) The user chooses one of
the generated specific summaries he/she likes. (ii) The system continues partitioning the story space of the user’s
interest using three short stories. (iii) Finally, the user loves the three stories after reading some short texts and a few
clicks.

generating repeated or too similar responses from
LLMs.

Template C.1 Human: Please generate
a five-sentence daily-life story containing
the following plot: {Summary Input}

Assistant: Yes! Here’s your story!
"{Story A}"

Human: Please write another story
that is very different from the previous
one.

Assistant: Of course. Here’s a different
story for you: "{Story B}"

D Additional Experimental Results

This paper builds a hierarchical story generation
system and we conduct many experiments and anal-
yses to verify our conclusions and contributions.
Due to the space constraint in the main paper, we
move some results to this section.

In Appendix D.1, we try to use prompt engineer-
ing to improve the GPT3.5’s results in common
story generation. In Appendix D.2, we compare
more short stories generated by LLMs using differ-
ent methods. In Appendix D.3, we provide more
explanation of how we analyze generation methods
using the prompt specificities and more insights
we can get from the analyses. In Appendix D.4,
we plot the relation between common summary
performances and the training data sizes. In Ap-
pendix D.6, we visualize another hierarchical gen-
eration result.

D.1 Instructing GPT3.5 to Output More
General Common Summaries

Setup: In Table 2, we observe that the outputs of
GPT3.5 baselines tend to be too specific to be com-
mon summaries. We tried to adjust the prompts
to make the baseline outputs more general. We
conduct another round of human evaluation for the
GPT3.5 baselines and our two best methods and
report the results in Table 4.

Methods: According to the definition of the com-
mon summary, we originally put Please be as spe-
cific as possible. into the prompt of GPT3.5 5 Shot
in Table 2, so we call this baseline GPT3.5 5 Shot
(specific). First, we delete the Please be as specific
as possible. and call this method GPT3.5 5 Shot
(not mention). Next, we even insert Please be as
general as possible. into the prompt and call this
method GPT3.5 5 Shot (general).

Results: Although instructing GPT3.5 to output
more general common summaries slightly reduces
the average length, the specificity does not decrease
and the entailment successful rates decrease in the
human experiment, which shows the difficulty of
controlling the specificity of the generated common
summaries through the prompt engineering. In
contrast, our proposed method can easily adjust the
specificity of the generated common summaries by
controlling the ratio between the specific summary
training set and the general hypothesis training set.



Training Data Size Automatic Metric Human Judgement
Model Specific General Fluency Diversity (%) Entail 2 Entail 1 Fluency Specificity (↓)

Method Size Summary Hypothesis len ppl (↓) dist-1 dist-2 (%) (%) (%)
GPT3.5 5 Shot (specific)

175B
5 15.87 9.05 37.98 69.17 43 68.25 4.71 20.5

GPT3.5 5 Shot (not mention) 5 14.59 9.69 35.90 63.55 35 63 4.74 19.5
GPT3.5 5 Shot (general) 5 14.17 9.77 36.81 63.55 40.5 65 4.69 17

JDC + rerank
3B

3.4k 10.64 10.24 33.18 54.17 54.5 69.75 4.77 37.5
JDC + rerank + hypo 3.4k 1.9k 10.04 10.30 34.29 54.89 69.5 80 4.85 47

Table 4: Comparison of the different prompts of GPT3.5. GPT3.5 5 Shot (specific) is the same as GPT3.5 5 Shot in
Table 2. Our two JDC (Joint decoding with concatenation) methods are the same as the ones in Table 2. The human
judgment numbers are different compared to Table 2 because they are labeled by a different set of MTurk workers.
↓ means lower is better and the best scores are highlighted. GPT3.5 means text-davinci-003.

Automatic Metric Human Judgement
Reference Relevancy (%) Creativity (%) Coherence Diversity (%) Rel Pro Cr Coh Eng

Method Story Generator C2F len R1 R2 sim R1 (↓) R2 (↓) sim (↓) ppl (↓) dist-1 dist-2 (%)
Round for Comparing with LLMs

EH + rerank T5-3b FT V 47.70 25.07 3.77 46.64 16.79 3.98 48.61 9.97 40.63 78.66 2.49 84.17 3.14 3.86 2.85
CG OpenLLaMA 5 Shot 48.72 21.67 2.49 40.70 18.56 6.16 45.01 9.92 45.57 84.46 2.23 70.00 3.12 3.56 2.58
CG Vicuna 5 Shot 46.21 23.77 3.21 43.79 20.68 6.98 50.74 10.01 42.54 80.47 2.52 89.17 3.11 4.21 2.79

CG
GPT3.5 1 Shot 64.53 24.21 3.14 45.77 16.67 4.84 53.57 9.32 39.67 78.54 2.92 96.67 3.58 4.42 3.42
GPT3.5 5 Shot 57.91 24.94 3.46 47.26 18.49 5.37 54.41 9.57 39.71 78.26 2.90 96.67 3.54 4.51 3.44

ROC Stories Human 50.49 22.55 2.70 44.99 15.43 3.06 41.84 9.89 - - 2.16 70.00 3.52 4.14 3.53
Round for Generators using Proprietary Data

EH + rerank T5-3b FT V 47.70 25.07 3.77 46.64 16.79 3.98 48.61 9.97 40.63 78.66 2.55 76.67 3.22 3.68 3.29
EH Vicuna 5 Shot V 49.12 23.08 2.74 42.26 15.89 3.28 45.67 9.88 43.90 83.80 2.53 60.83 3.13 3.97 3.07

EH + rerank Vicuna 5 Shot V 49.85 24.67 3.56 45.65 17.74 4.16 50.59 9.86 41.43 80.83 2.59 86.67 3.28 4.16 3.38
EH + rerank Vicuna FT V 52.33 24.43 3.68 45.72 15.56 3.32 46.39 9.79 42.37 81.54 2.72 80.00 3.56 3.98 3.36

CG Vicuna 5 Shot 46.21 23.77 3.21 43.79 20.68 6.98 50.74 10.01 42.54 80.47 2.55 88.33 3.10 3.99 3.06

CG
GPT3 5 Shot 58.37 25.15 3.46 47.57 18.43 5.50 54.82 9.55 38.93 76.97 2.95 90.00 3.42 4.13 3.59

GPT3.5 5 Shot 57.91 24.94 3.46 47.26 18.49 5.37 54.41 9.57 39.71 78.26 3.02 90.00 3.67 4.35 3.63
Human ROC NN Stories 50.87 27.75 4.50 61.56 11.87 1.42 36.95 9.86 46.38 86.47 2.78 54.17 3.52 4.20 3.58

Table 5: Comparison of the short stories generated by LLMs. Vicuna means Vicuna 7B v1.3, OpenLLaMA means
OpenLLaMA 7B v2, GPT3.5 means text-davinci-003 (175B), and GPT3 means davinci (175B). CG (GPT3.5 5 Shot),
CG (GPT3 5 Shot), CG (Vicuna 5 Shot), EH + rerank (T5-3b FT), and EH + rerank (Vicuna 5 Shot) are the same
as the ones in Table 3. Different rounds of human evaluation are done by different sets of MTurk workers, so the
scores of the same method might be different in different rounds or in Table 2, and the human scores in different
rounds are not directly comparable. ↓ means lower is better and the best scores within each section are highlighted.

D.2 Short Story Generation using LLMs

Setup: We conduct two rounds of human experi-
ments to see whether the collected dataset could
be used to improve LLMs. In Table 3, we only
present partial results in one of the rounds due to
the space constraint. In this subsection, we present
more results and analyses.

Methods: In addition to GPT3, GPT3.5, and Vi-
cuna 7B v1.3, we also test the story quality from
OpenLLaMA 7B v2 (Touvron et al., 2023; Com-
puter, 2023; Geng and Liu, 2023)2, and from hu-
mans. All the 5-shot methods use the same prompt
and all the fine-tuned methods use the same train-
ing data.

The ROC stories baseline comes from using
story A as the reference and story B as the predic-
tion or vice versa. The sampling method of story A
and story B could be found in Appendix H.2.1.

Results of Generation Models: We report the re-

2https://huggingface.co/openlm-research/open_
llama_7b_v2

sults in Table 5. In the LLM evaluation round, our
T5-3b FT is significantly better than OpenLLaMA
5 Shot in almost all the metrics. Vicuna 5 Shot is
much better than its base model, LLaMA, after be-
ing trained on the ShareGPT.com data. This shows
the generated story quality heavily depends on the
training data quality.

EH (Vicuna 5 Shot) and CG (Vicuna 5 Shot)
perform almost the same in all the human eval-
uation metrics except for the instruction follow-
ing probability. This indicates that coarse-to-fine
generation increases the controllability and trans-
parency without decreasing its story quality. On
most metrics, the significantly better scores from
EH + rerank (Vicuna 5 Shot) demonstrate the
benefits of the reranker/scorer on LLM (Ouyang
et al., 2022), which is a much smaller LM trained
by our collected dataset.

Notice that our prompt instructs all LLMs to gen-
erate a story with around 50 words. On average,
GPT3 and GPT3.5 do not follow this constraint
closely and generate longer stories than other ap-

https://huggingface.co/openlm-research/open_llama_7b_v2
https://huggingface.co/openlm-research/open_llama_7b_v2


proaches. A longer story can use more words to
develop characters or introduce more characters.
Its additional words can create twists or make the
transition in the twists more smooth. Thus, the
longer stories might give GPT3 and GPT3.5 some
advantages (Singhal et al., 2023), especially on
coherency and engagement.

Finally, CG (GPT3.5 5 Shot) could achieve
better coherence, similar engagement, and simi-
lar creativity compared to CG (GPT3.5 1 Shot)
using shorter story length. This shows that our
collected story and summary pairs could also be
potentially used to improve GPT3.5 175B perfor-
mance in the future through example selections for
few-shot learning (Chang and Jia, 2023) or fine-
tuning.

Results of Human-written Stories: In Table 5,
ROC NN stories have a much higher sBERT score
and significantly higher ROUGE 1 and ROUGE 2
than EH + rerank (Vicuna FT), but its relevancy
score is only slightly higher. The result supports
our observation of the sBERT limitation on short
stories. Similarly, we observe that perplexity does
not correlate with the human coherence scores well,
so it is no longer a good coherence measurement
for evaluating LLMs

An author of this paper writes the common sum-
mary of the story A and B, so almost all the stories
in ROC stories should follow the instruction. The
only 70% instruction following rate of ROC sto-
ries suggests that the crowd workers sometimes
judge the instruction following based on the lexi-
cal matching and humans sometimes disagree with
each other on the entailment judgment, especially
when the story A and B are not similar with each
other (see more details in Appendix J.4).

D.3 Scores under Different Specificities

Setup: Given a metric, each prompt has a speci-
ficity measurement and a score for each method.
However, it is hard to compare multiple methods
using a scatter plot, so we compare their linear
regression trendlines instead. We use the default
hyperparameters in Sklearn3 and plot the result-
ing lines between the smallest and largest sBERT
similarity values (specificities).

Results: In Figure 7 and Figure 8, EH + rerank

3https://scikit-learn.org/stable/modules/
generated/sklearn.linear_model.LinearRegression.
html

+ sim (T5-3b FT) significantly improves the goal
relevancy of EH + rerank (T5-3b FT) only when
the prompt is general. We suspect that the worse
goal relevancy for specific prompts is due to the
reduced influence of our effective reranker. The
finding again confirms that sBERT cannot measure
the plot similarity between the two stories sharing
the similar topics. Compared to EH (T5-3b FT),
EH + rerank (T5-3b FT)’s much better instruction
relevancy (instruction following probability) shows
that our reranker could effectively reduce the neg-
ative effect of fine-tuning on the noisy generated
summaries in Section 3.

In Figure 9, we observe that CG (GPT3.5 5
Shot) has a better coherence and instruction fol-
lowing probability than CG (GPT3.5 1 Shot) for
specific prompt, which suggests that the additional
examples could help GPT3.5 to handle more com-
plex prompt.

In Figure 10, we can see that the EH + rerank
(Vicuna FT) does better on creativity and goal
relevancy but worse on coherence and engagement
for specific prompts than EH + rerank (Vicuna 5
Shot) because the stories in the ROC dataset have
higher diversity but lower quality than the stories
in the pretraining dataset. Besides, EH (Vicuna 5
Shot) achieves better coherence for general prompt
than CG (Vicuna 5 Shot) probably because C2F
generation could prevent the input prompt from
being too general to be in-domain testing data.

Notice that different rounds of evaluation are
scored by a different set of annotators and they
compare a different set of methods, so the trends
of the same method in different rounds might be
different. For example, EH + rerank (T5-3b)’s
coherence decreases as specificities of prompts in-
crease in the open-source round, but the trend is
reversed in the LLM round and the restricted model
round.

D.4 Common Summary Success Rate Versus
Training Dataset Size

While collecting common summaries, we can use
the verification data from MTurk to track the
growth of success rate (Entail 2) with the increase
of training data size. Each round of verification
is done by different sets of workers and humans
sometimes disagree with each other on the entail-
ment judgments (see Appendix J.4), the success
rate of the same generated common summaries
could change at different rounds. Therefore, we

https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html
https://scikit-learn.org/stable/modules/generated/sklearn.linear_model.LinearRegression.html


Figure 7: Short story evaluation for open-source
round under different prompt specificities

Figure 8: Long story evaluation under different
prompt specificities

Figure 9: Short story evaluation for LLM round
under different prompt specificities

Figure 10: Short story evaluation for restricted
model round under different prompt specificities
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Figure 11: The success rate of generated common sum-
maries versus the log of training data size.

compare our method with the maximum and min-
imum success rate of GPT3.5 5 shot in Figure 11.
We can see that our success rate increases roughly
linearly with the log of sample numbers and sur-
passes the best GPT3.5 5 shot performance signifi-
cantly with less than 1k samples.

Method ROUGE1 ROUGE2 sBERT sim
C 18.84 3.60 41.15

C + rerank 19.04 3.21 44.08
JD 19.26 3.25 44.20

JD + rerank 20.16 4.49 50.95
JDC 20.11 3.24 44.97

JDC + rerank 22.38 4.54 51.52

Table 6: Comparison of different common summary
generation methods in low-resource setting (with only
100 samples).

D.5 Comparison with only Inputting the Story
Concatenation

To support our claim in Section 2.2.1, we compare
our methods with the model that uses only the con-
catenation (C) as input. First, we compare all the
methods using the similarity between the gener-
ated common summary and the reference common
summary after we collected the first batch of 100
samples. The testing data come from our short
story generation experiment.

We can see from Table 6 that when the train-
ing dataset is small, JD (input story A and story



B separately) is significantly better than C, and
JDC is significantly better than JD. In this paper,
the main purpose of predicting the common sum-
mary is to reduce the cost of human labeling, so its
performance under low-resource is important.

After we have thousands of training examples in
Table 2, we found that the Entail 2 score of C is
0.325, which is very close to the 0.33 from JDC,
which shows that JDC does similar to C when we
have more examples. In sum, JD does well when
we just start to collect the training samples. On the
other hand, C does well when we have collected
lots of training samples. Our proposed JDC could
do well in both low-resource and high-resource
settings.

D.6 Another Visual Example

Table 7 visualizes the prompts generated by our
methods to see how well our method could handle
a more specific input prompt. We can see that our
method can generate diverse specific summaries so
that the user can choose the most relevant one as
the prompt for generating the short stories. CG still
has the undesired tendency of copying too many
words from the input prompt.

E Construction of the General Summary /
Hypothesis Layer

When applying the common summary generation
method in Section 2 to build the top layer, we en-
counter one major challenge: we notice that given
two specific summaries, workers sometimes are not
able to write a common hypothesis that is signifi-
cantly more general than both specific summaries
(e.g., A man needed lots of money and People won
lots of money). To solve this challenge, we al-
low the workers to select one appropriate specific
summary (usually the most specific one) from 5
generated candidates (see Appendix J.3 for more
details).

When we try to automatically generate the hy-
potheses, we don’t know which pair of specific
summaries humans would choose, so we can only
input one single specific summary and output its
general hypothesis candidates. Then, we ask hu-
mans to verify the entailment relation between the
input specific summary and generated candidates.
After collecting sufficient entailment pairs, we train
T5-3bh2s model in Figure 2, which generates the
specific summaries given the general hypothesis.

As in Section 2.3, we use sBERT to find simi-

lar specific summaries and collect their common
general hypotheses using MTurk. We use the entail-
ment pairs in three NLI datasets, MNLI (Williams
et al., 2018), ANLI (Nie et al., 2020), and
WANLI (Liu et al., 2022) to pretrain a T5-3b model
and a DeBERTaV3-large reranker. Although the
datasets cover various domains, we still collect the
common hypotheses of story summaries for fine-
tuning our LM to prevent generating paraphrases.
In total, we spend 300 US dollars to collect 924
entailment pairs among 1921 labels between 1170
specific summaries and 1042 general hypotheses.

F Long Story Generation

In this study, we spend most of our MTurk bud-
gets on short story generation dataset construction
and evaluation because (i) Reading the long story
and summarizing it into a short story is very ex-
pensive. (ii) It is very hard to generate a coherent
long story based only on open-source models and
crowd-written long story datasets.

Nevertheless, as illustrated in Figure 2, we still
leverage the existing datasets to train our T5-3b
model. In this section, we compare the different
generation methods to test our framework for long
story generation.

F.1 Method for Generating a Long Story from
a Short Story

There are no public summarization datasets whose
summary is a short story (to the best of our knowl-
edge), while it would be very expensive to ask
MTurk workers to summarize a long story into a
5-sentence story. Hence, we tried two methods to
overcome this challenge. First, BookSum (Kryscin-
ski et al., 2022) provides long summaries of book
chapters and creates a paragraph-level summariza-
tion dataset by mapping each sentence in a chapter
summary to its most similar paragraph in the book
chapter. We modify the process by viewing 5 con-
secutive sentences in a chapter summary as a short
story and map it to the book chapter paragraph
that is most similar to the short story. Using the
modified BookSum dataset, we can train an ab-
stract summarization T5-3b model. In the second
approach, we use the prompt in WritingPrompts
(WP) (Fan et al., 2018) as a noisy summary and
train an extractive summarizer based on RoBERTa-
base4 (Liu, 2019). During testing, we extract 5

4https://github.com/HHousen/TransformerSum

https://github.com/HHousen/TransformerSum


General Summary/Hypothesis as the Input Prompt: "A group of people found a threat in the woods and the enemy ran away."
Reference Short Story: "The couple went to take a hike in the woods. They hiked for miles. On the way the encountered a big ferocious bear.
The man screamed at the bear. The bear ran away in terror. "
Short Story from CG (Conditional Generation without Entailment Hierarchy): "A group of people were out for a walk one night. They came
across a threat in the woods. The enemy attacked and the people ran from the danger. The enemy was never seen again!"

Stories from EH + rerank + sim (T5-3b FT)
Specific Summary from T5-3bh2s Short Story from T5-3bs2s

1. A group of people were out in the woods when they came across a threat.
The group rushed to defend themselves and their property and the intruder
had to retreat quickly.
2. A family was out camping when they came across a stray dog. The dog
was scared and ran off into the woods.
3. A group of people were in the woods when they encountered an enemy.
They were able to successfully engage the enemy in a fight, but the enemy
was able to get away from them.

1. Sam and his friends went to the woods for the first time. They
were afraid a bear would come out of the woods. The bear ran
away so the kids had to hide. The kids found a large twig and
snuck up to it. The twig protected the children from the bear

4. A group of people go hunting in the woods. They find a wild animal and
try to catch it. The creature runs off and the group is successful.

2. The boys were walking through the forest when they saw an
animal. They stopped to watch as the animal ran in the other
direction. The boys ran towards the nearest campsite for cover.
They were afraid and had to find a way to escape. The boys found
some sticks to throw in the water to scare it away.

5. A group of people were out in the woods when they came across an
unknown person and the person fled the scene.
6. A group of people were hunting in the woods when they encountered an
enemy and the enemy ran away.

Table 7: Example summaries and stories generated by C2F-StoryTree. We highlight the text that is most similar to
the reference/goal story.

Automatic Metric Human Judgement
Reference Relevancy (%) Creativity (%) Coherence Diversity (%) Rel Pro Cr Coh Eng

Method Story Generator C2F len R1 R2 sim R1 (↓) R2 (↓) sim (↓) ppl (↓) dist-1 dist-2 (%)
Long Story for Generators with Open-Source Licenses

CG

T5-3b FT

423.97 11.73 1.69 34.66 5.37 2.15 40.11 3.37 17.25 53.90 1.97 55.83 3.12 2.28 2.95
EH V 306.34 14.36 2.07 37.72 5.39 0.99 36.28 4.34 20.89 58.53 2.29 70.00 3.31 3.01 3.01

EH + rerank V 279.79 15.22 2.13 39.59 5.90 1.29 40.00 4.30 21.77 60.42 2.55 86.67 3.38 3.17 3.10
EH + rerank + sim V 288.52 16.25 2.62 47.38 5.78 1.18 40.02 4.14 20.29 57.36 2.59 80.00 3.35 3.01 3.04

Table 8: Comparison of the generated long stories. The meaning of symbols are the same as the ones in Table 3.

sentences and arrange them into a noisy short story
using their original order in the long story.

In a preliminary manual evaluation, the first ab-
stract summarization method results in better sum-
mary quality, and the second extractive summariza-
tion method could encourage the story generator
to follow the plot of the short story more closely
by copying some sentences from the short story.
Therefore, we use the first approach to summarize
the stories in the training set of WP and the sec-
ond approach to summarize its validation set. The
resulting entailment pairs from both methods be-
come the training data of our T5-3bs2l long story
generator.

We leverage the existing datasets to collect the
entailment pair of a short story and a long story.
We use BookSum (Kryscinski et al., 2022) and T5-
3b to train an abstract summarizer. Then, we use
WritingPrompts (WP) (Fan et al., 2018) and BERT-
SUM (Liu, 2019) to train an extractive summarizer.
We generate the summaries of WP and train T5-
3bs2l to generate long stories given the summaries
in Figure 2.

F.2 Long Story Generation Experiment

Setup: In the long story generation experiments,
we still utilize the 60 prompts and 120 reference
stories created for evaluating the short story mod-
els. When computing the reference relevancy, we
compare the similarity between the reference short
story and the generated long stories.

Methods: The condition generation CG baseline
first trains an abstract summarizer using the Book-
Sum paragraph dataset, generates the one-sentence
summary of every WP story, and trains a T5-3b
model to generate the long stories given the sum-
mary (Li et al., 2023b).

The other methods except EH + rerank + sim
just convert the generated short stories to long sto-
ries using our long story generator T5-3bs2l. To
simulate the user’s selection of the short stories,
EH + rerank + sim selects the short stories using
both reranker and sBERT in the second iteration
instead of only using reranker in the short story gen-
eration experiments. Please see Table 9 for more
details.

Results: In Table 8, we can see that the long story
quality improvement of EH + rerank over CG is



significantly larger than the short story quality im-
provement in Table 3 in terms of diversity, prompt
relevancy (i.e., instruction following probability),
and coherency. The results show that ROC stories
and our entailment hierarchy dataset successfully
scaffold the long story generation process and sup-
port the findings of previous course-to-fine gener-
ation studies such as Xu et al. (2018); Peng et al.
(2018); Yao et al. (2019); Tan et al. (2021); Yang
et al. (2022a).

G Formal Definition of Entailment
Hierarchy

We assume we have an entailment hierarchy (EH)
with height I . Let’s denote the jth text node at ith
layer as T i

j . The top layer is 1st layer and the bot-
tom layer is Ith layer. If there is an edge between
T i
jp

and T i+1
jc

, T i+1
jc

entails T i
jp

. Notice that we do
not know if the two nodes without an edge have
the entailment relation or not. For i = 2. . . I , each
T i
j has only one parent node. If T i+1

A and T i+1
B

both have an edge to T i
j , we said T i

j is an common
summary of T i+1

A and T i+1
B .

After we have built entailment hierarchy dataset,
we can train a seq2seq model to map from each
parent node T i

jp
to its child nodes T i+1

jc
. When a

user provides an unseen prompt T i
j , we can gener-

ate its M possible child nodes T i+1
N+1 ... T i+1

N+M for
the user to choose. Assuming the user can choose
T i+1
N+1 as the new prompt, and we generate the child

nodes of T i+1
N+1 in the next iteration. The process

would stop until the user reach the Ith layer at the
bottom.

H Experiment Details

We set k=10 in top k sampling to reduce the chance
of generating invalid summaries or the story that
does not respect the constraint of the prompt. We
use Dist-n (Li et al., 2016) to measure the diver-
sity of stories. In all the generated stories, Dist-n
is the number of unique n-grams divided by the
number of words. We use a NLTK word tokenizer5

to measure the story length and to get the n-gram
for Dist-n. We lowercase the words before comput-
ing Dist-n. Similarly, we use stemmer to reduce
the mismatch of similar words when measuring
the ROUGE F1 scores. We measure the fluency
using the perplexity (ppl) of a GPT-2 XL model
and similarity using all-mpnet-base-v2.

5https://www.nltk.org/api/nltk.tokenize.html

Some MTurk workers tend to give high scores
to all the stories and others might prefer to give
lower scores. To reduce the variance of the scores,
we ask the workers to compare all methods in each
question and encourage them not to give the same
score to every method. Furthermore, every human
judgment is made by two MTurk workers and we
report the average of their scores.

H.1 Common Summary Generation

For each input story pairs, each method generates
10 different common summaries in order to com-
pute their dist-n diversity metrics. Since the en-
tailment relation has the transitivity property, we
can estimate the entailment between the story and
the general summary/hypothesis by traversing the
tree and removing the duplicate pairs. The transi-
tivity closure brings us 792 additional entailment
pairs to boost our LM’s capability in summarizing
the single story in Table 2 and thus, increases the
performance of generating the common summary
through our joint decoding method.

We provide a screenshot of our instruction and
evaluation task in Figure 13. For measuring the
specificity in human evaluation, we select the addi-
tional story C whose common summary is similar
to the common summary of story A and story B
(e.g., a cousin node in the tree). When the two
workers disagree on an entailment relation (one per-
son believes the pair has an entailment relation but
the other does not), we label the pair of generated
summary and the story as positive. In Table 2, the
average disagreement probability for stories A, B,
C are 19%, 22%, and 19%, respectively. The aver-
age Pearson correlation for fluency is 39%. During
our evaluation, 94% of human judgment is pro-
vided by 6 different workers.

H.2 Story Generation

Evaluating the one-shot story generation systems is
complicated let alone our coarse-to-fine framework.
In this section, we describe the detailed design
choices we made in our experiment.

H.2.1 Setup Details
To let our testing user prompts have different speci-
ficities, we first sample one story A and find its
nearest neighbor in the sBERT embedding space.
Besides this story pairs with the highest similarity,
we find other three story B whose similarities to
story A is this highest similarity minus 0.1, minus
0.25 (for a not-so-similar story B), and minus 0.5

https://www.nltk.org/api/nltk.tokenize.html


Iteration 1 Iteration 2 Iteration 3
Hypothesis to Summary (h2s) Summary to Short Stories (s2s) Short Story to Long Stories (s2l)

Round for Short Story Generators with Open-Source Licenses
CG T5-3bcg short -
EH T5-3bh2s T5-3bs2s -

EH + rerank T5-3bh2s + Reranker T5-3bs2s + Reranker -
EH + rerank + sim T5-3bh2s + Reranker + Sim T5-3bs2s + Reranker -

EH (GPT-J 6B) T5-3bh2s GPT-J 6B -
Round for Short Story Generators using Proprietary Data

CG Vicuna 5 Shot / GPT3.5 5 Shot / GPT3 5 Shot -
EH (Vicuna 5 Shot) T5-3bh2s Vicuna 5 Shot -

EH + rerank (Vicuna 5 Shot) T5-3bh2s + Reranker Vicuna 5 Shot + Reranker -
EH + rerank (Vicuna FT) T5-3bh2s + Reranker Vicuna FT + Reranker -

Round for Long Story Generators
CG T5-3bcg long

EH T5-3bh2s T5-3bs2s T5-3bs2l

EH + rerank T5-3bh2s + Reranker T5-3bs2s + Reranker T5-3bs2l

EH + rerank + sim T5-3bh2s + Reranker + Sim T5-3bs2s + Reranker + Sim T5-3bs2l

Table 9: The models we use to generate the stories at each iteration. Sim means selecting the prompt that is most
similar to the reference story. Notice that we do not use Sim at the last (rightmost) iteration to make the similarity
comparison of the generated story fair.

(for a dissimilar story B). Using the sampling meth-
ods, we prepare 60 testing story pairs. After writing
the common summaries for them, we can get 120
testing pairs of summary and reference story (since
each common summary corresponds to both story
A and B).

In our automatic evaluation, we use the gener-
ated 3 stories for each testing pair to compute their
generation diversity and other automatic metrics.
In our human experiments, we select one of the
generated stories for each testing pair, and each
generated story receives 2 scores from different
MTurk workers for each metric, so each human
evaluation score is the average of 240 scores from
humans.

One metric of our human evaluation is the cre-
ativity of incorporating the prompt into the output
story and directly copying a large portion of the
text from the prompt would degrade such creativ-
ity. Hence, we do not ask workers to estimate the
creativity of the output story if it does not follow
the prompt instruction.

Compared with the short stories we generated,
the generated long stories have more coherence is-
sues and are less similar to the reference story. To
prevent the workers from giving universally low
scores, we adjust the scoring guideline to encour-
age the workers to focus more on the main plots
of long stories when judging the coherency and
relevancy.

We provide the screenshot for short story evalua-
tion in Figure 14a and that for long story evaluation

in Figure 14b. In each task, we randomize the order
of stories from different systems to prevent posi-
tional bias. In the open-source round of Table 3,
the average Pearson correlation between the scores
from two MTurk workers is 40% for goal/reference
relevancy, 46% for prompt following, 46% for co-
herency, and 23% for engagement/interestingness.
Finally, 78% of the tasks are done by 8 MTurk
workers.

H.2.2 Method Details

At each iteration during C2F genera-
tion, we test three methods to select the
prompts/summaries/stories. EH chooses 3 prompts
randomly; EH + rerank chooses 3 out of 30
prompts with the highest reranker score; EH +
rerank + sim first chooses 10 out of 30 prompts
using the reranker, and simulates user’s interaction
by choosing the summary that has the highest text
similarity (measured by all-mpnet-base-v2) with
the reference story.

T5-3b is not fine-tuned for story generation, so
we need to do additional fine-tuning without us-
ing our collected entailment hierarchy for the CG
baseline in the T5-3b round. Thus, we adopt the
approach in Drissi and Kalita (2018); Chen et al.
(2019); Li et al. (2023b): first, we train a sum-
marization model using the BookSum paragraph
dataset. Then, we generate a one-sentence sum-
mary of all ROC stories and train a T5-3b model to
generate the short stories given the summary.

In Table 9, we report the models each method



uses at each iteration. T5-3bcg short and T5-
3bcg long refer to the conditional generator trained
to output ROC stories and WP stories, respectively.
Specifically, CG and its T5-3bcg long are trained
using the training and validation set of WP as EH +
rerank did. When fine-tuning EH (GPT-J 6B), we
prepend “Given a story summary:” to the prompt
and “Please write the original story” to the story.
The maximal length of long stories for both T5-3b
and GPT-J 6B is 1024.

H.3 LLM Baselines
To reduce the variance in LLM baselines, we ran-
domly sample 1 or 5 examples for each testing
prompt. The examples come from the first batch
of crowdsourced training data that are completely
written and verified by humans. For GPT3.5, we
use the default hyperparameters. Although it uses
high top-p and temperature (both 1), the resulting
generation diversity scores (dist-n) are still much
lower than our methods.

H.3.1 Common Summary Prompt for GPT3.5
We test several different prompts and finally choose
to use the following one because its zero-shot per-
formance seems to be better than other prompts we
tried.

Template H.1 Please read the two sto-
ries below:

"{Story A Input}"
"{Story B Input}"
Question: What is the common struc-

ture of the above two stories? Please be
as specific as possible.

Answer: The common structure of the
stories is that "{Summary Output}"

In Table 4, GPT3.5 5 Shot (specific) repeats the
above template 5 times to conduct 5 Shot in-context
learning. GPT3.5 5 Shot (general) replaces the
word specific in the template with general. GPT3.5
5 Shot (not mention) removes the sentence Please
be as specific as possible. in the template.

H.3.2 Story Generation Prompt for LLMs
We use the following prompt for GPT3, GPT3.5,
OpenLLaMA, and Vicuna.

Template H.2 Please generate a five-
sentence daily-life story with around 50
words. The story should contain the fol-
lowing plot: {Summary Input}

"{Story Output}"

For OpenLLaMA and Vicuna, they sometimes
output new lines or still output other text after out-
putting ", so we did a post-processing to replace
a new line with a space and keep only the text
between two double quotation marks.

I Modeling Details

In this section, we describe some detailed design
choices and the resources we used for training our
models.

I.1 Reranker
Most of our crowd workers write valid common
summaries, so we might not have enough negative
examples from the summaries that fail to be im-
plied by a story. To balance the ratio of positive
and negative examples, we create pseudo-negative
examples by switching the common summary in
some randomly sampled positive examples with an-
other similar common summary that is written for
a different input story pair. When creating pseudo-
negative examples for reranker, we use sentence
BERT (sBERT), all-mpnet-base-v26 (Reimers and
Gurevych, 2019), to measure the similarity.

I.2 From Short Story to Specific Summary
In our preliminary experiments, we found that
the chosen LMs are significantly better than their
smaller counterparts (i.e., T5-large and DeBERTa
V3 base) and other alternatives we tried (i.e., Pe-
gasus large (Zhang et al., 2020) and RoBERTa
large (Liu et al., 2019)). For generating common
summaries, we found that pretraining T5-3b using
BookSum Paragraph dataset does not seem to be
helpful, so we directly fine-tune the T5-3b using
the crowdsourced data.

All the ROC stories we used in this paper come
from the 2016 spring set. When we generate the
summaries of every ROC story in Figure 2, we
prepend "summarize: " prefix to the input to lever-
age the summarization ability of the T5.

I.3 Hyperparameters and Computing
Resources

We use 8 NVIDIA V100 32GB GPUs to train our
models. When the fine-tuning dataset is large, I
would control the number of epochs to make the
training finished within 2 days. My modeling codes
are built on Huggingface and deepspeed7.

6www.sbert.net and https://huggingface.co/
sentence-transformers/all-mpnet-base-v2

7https://github.com/microsoft/DeepSpeed

www.sbert.net
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://huggingface.co/sentence-transformers/all-mpnet-base-v2
https://github.com/microsoft/DeepSpeed


When building the entailment hierarchy, we all
set the k in top-k sampling as 50, which is the
default value in Huggingface. Our reranker selects
a story from 10 generated candidates.

We find that most of our models are not very
sensitive to the learning rates and the number of
training epochs given that the model does not over-
fit.

J Crowdsourcing Details for Dataset
Construction

Writing common summaries is not only difficult for
machines but also challenging for humans. MTurk
workers are famously not reliable, so we design
several tasks to achieve the following goals.

• All answers of the workers should be easily
verifiable.

• The summaries and hypotheses should not be
too specific or too general.

• We should minimize the crowdsourcing cost
while maintaining the quality.

To achieve the goals, we provide example(s) in
the instruction, write javascript to automatically
check the responses of workers, let the workers
check other workers’ responses, continue filter-
ing the workers and experimenting with different
ways of collecting the entailment datasets. In to-
tal, we design 4 writing and verification tasks and
collect 9 small batches to train our common sum-
mary generator. For generating the general sum-
mary/hypothesis, we launch 3 tasks and 6 small
batches.

J.1 Quality Control
Our human annotation tasks are relatively compli-
cated compared with most tasks on MTurk, so we
spend time identifying the workers who are willing
to read long instructions and answer the questions
carefully. Since it is hard to find qualified workers
and our tasks often require high cognitive loading,
we control the hourly wage of the trusted MTurk
workers to be around 14 US dollars after they are
familiar with the task to ensure high data quality.

For the short story to specific summary mapping,
we are able to utilize 95% of the responses. For
the specific summary to general summary mapping,
we are able to utilize 98.5% of the responses. We
can keep the percentage high because we have a
list of trusted workers from other projects and we
stop some workers doing the tasks early once we
find that the workers do not understand/follow the
instructions.

Writing 
Task

Story A

Story B

Revision 
Task

Verification 
Task

Common 
Summary

Revised  
Common Summary

Story A Entailment?
Story B Entailment?

Task 1 Overall?

Story A Entailment?
Story B Entailment?
Before vs after revision

Comparison

Figure 12: The workflow of writing and verifying the
common summary for story A and story B.

J.2 From Short Story to Specific Summary
As illustrated in Figure 12, we design 3 crowd-
sourcing tasks to collect the common summary.
The writing task in Figure 15 asks workers to write
the common summaries. The revision task in Fig-
ure 16a asks different workers to verify and revise
the written common summaries. If the summary
is too general, make it more specific. If the com-
mon summary is not entailed by either input story,
fix the summary. If the common summary is cor-
rect, provide another common summary that is also
specific and very different from the existing one.
The revision task could improve the quality, let us
monitor the specificities, and help us collect more
diverse and creative summaries. Finally, the verifi-
cation task in Figure 16b asks different workers to
verify and compare the summaries before and after
the revision.

After we collect enough data to generate high-
quality common summaries, we revise the verifi-
cation task to become the fourth task in Figure 17
that asks the workers to verify the generated com-
mon summaries rather than the human-written sum-
maries.

J.2.1 Monitoring the Specificities Common
Summaries

In the revision task, the workers think 54% of the
common summaries are good and they provide an
alternative summary, 31% of the common sum-
maries are not entailed by both stories and they
provide a fix, and only 15% of the common sum-
maries are too general and they provide a more
specific summary.

In the verification task, among the revision for
the “too general” common summaries, only 14%
of the revision is labeled as more specific than the
original “too general” common summaries (43% of
the common summaries are labeled as paraphrases
or almost the same as the “too general” common
summaries, 14% are neutral, and 29% are actually



being more general).
The statistics show that

• only a small percentage of common summaries
might have issues of being too general, and

• it is actually very difficult to make the common
summary more specific via a revision process.

Therefore, we conclude that most of the workers
try hard to follow the instruction to make the com-
mon summary as specific as possible, and getting
too general summaries is not a major issue in our
crowdsourcing process.

J.3 From Specific Summary to General
Summary / Hypothesis

As we state in Appendix E, it is very hard to write
a general summary/hypothesis for some similar
specific summaries. To overcome the challenge,
we generate five different common summary can-
didates for each input story pair, and the task in
Figure 18 lets the MTurk workers select one sum-
mary from the candidates for writing the common
hypothesis.

To ensure that the specific summary is more spe-
cific than the general hypothesis, we ask a MTurk
worker to choose from implication, paraphrase, and
others as the relation between the general hypothe-
sis and specific summary. We only treat the implica-
tion as the positive entailment label in this work to
make sure that the language models could generate
more specific text at each iteration. Unlike writing
the common summary for two input stories, it is
much harder to write a very different alternative
common hypothesis, so we skip the revision task
and directly ask the workers to verify the written
common hypotheses in Figure 19a and verify the
generated hypotheses in Figure 19b.

J.4 Entailment Ambiguity

To Specific Summary: By comparing the re-
sponses from different workers, we find that some
entailment labeling tasks have inherent ambigu-
ity. For example, if the first short story in Table 1
says Amy got a B+ instead of a straight A, some
annotators would think getting a B+ is something
impressive, but others might disagree. After the
workers are familiar with the task, we found that
around 20.8% of entailment judgments disagree
with each other. When the two workers disagree,
we label this ambiguous example as positive to in-
crease the size of our training data for generating
summaries.

To General Summary / Hypothesis: The relation
between two sentences is sometimes ambiguous.
For example, it is reasonable to annotate any of
3 options when the difference between the two
sentences is small (e.g., “A student got straight A
in his/her school” and “Someone is a straight-A
student”). We observe that 37.0% of entailment
judgments from a worker are different from the
judgment from another worker. To reduce the num-
ber of training pairs with the paraphrase or other
relations, we label this ambiguous example as neg-
ative (not entail).



You would be given three similar short stories and descriptions about the three stories. Please first check if the provided descriptions are
summaries of story A, summaries of story B, and summaries of story C. Finally, judge their fluency.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminders
When judging the implication relations, the details should not be ignored. For example, if a description says "A student went hiking tomorrow" but a story is talking about "a student
went hiking yesteray", the story does NOT imply the summary even though their meanings are very similar.
Your responses will be examined manually by the requester or judged by other workers.
If your answers are statistically too different from other workers or obviously answer the questions without reading the stories, we might remove you from the qualification list for the
future tasks or even REJECT your answers.
You should NOT select a description if the description contains typos (e.g., job -> jog or hate -> hat) or the readers might not understand the description. However, you can still
select a description if the description contains some minor grammartical errors (e.g., tense difference) and/or does not include the important parts of the story (i.e., the description
is not a very good summary).

We estimate that each task will take around 3-5 minutes (not including reading the instruction). If you often require less than 2 minute to complete the task, you might want to answer
the questions more carefully.

Story A:
    Marcus Buys Vegetables

    Marcus realizes he has no vegetables at home.
    He rides his bike all the way to the store.
    At the store he buys carrots, kale, and corn.
    He brings all the vegetables back home.
    Marcus is happy to finally have vegetables at home.

Question 1: Given that story A happened, please check all the descriptions that also happened (story A
implies descriptions).
That is, check all descriptions that are valid summaries of story A

  Description 1: A person had an experience with eating vegetables at the end of the day.

  Description 2: A person found a way to get a new item and was happy about it.

  Description 3: Someone had an experience with vegetables.

  Description 4: A person had an experience with a vegetable.

  Description 5: A person had an experience with vegetables and they enjoyed their meal.

 

Story B:
    Timmy Eats Vegetables

    Timmy hated to eat vegetables.
    His mother promised him a new toy if he ate his broccoli.
    Timmy ate his entire plate of broccoli.
    His mother surprised him with a new skateboard.
    Timmy rode his skateboard all around his neighborhood.

Question 2: Given that story B happened, please check all the descriptions that also happened (story B
implies descriptions).
That is, check all descriptions that are valid summaries of story B

  Description 1 (same as above): A person had an experience with eating vegetables at the end of the day.

  Description 2 (same as above): A person found a way to get a new item and was happy about it.

  Description 3 (same as above): Someone had an experience with vegetables.

  Description 4 (same as above): A person had an experience with a vegetable.

  Description 5 (same as above): A person had an experience with vegetables and they enjoyed their meal.

Story C:
    Cindy Goes Shopping

    Cindy has an empty fridge.
    She decides to go grocery shopping.
    She picks out turkey, vegetables and cheese.
    She drives herself home.
    Cindy enjoys a healthy, homemade dinner.

Question 3: Given that story C happened, please check all the descriptions that also happened (story C
implies descriptions).
That is, check all descriptions that are valid summaries of story C

  Description 1 (same as above): A person had an experience with eating vegetables at the end of the day.

  Description 2 (same as above): A person found a way to get a new item and was happy about it.

  Description 3 (same as above): Someone had an experience with vegetables.

  Description 4 (same as above): A person had an experience with a vegetable.

  Description 5 (same as above): A person had an experience with vegetables and they enjoyed their meal.

Please type a score between 1 and 5. We provide some reference justification of each score scale in each
question, but the fine-grained decimal numbers are preferred (e.g., 3.5).

Question 4. How fluent are the descriptions?
(1: unreadable, make no sense, 2: I can barely guess its meaning, 3: there are some obvious mistakes/typos, 4: contain minor grammar error(s), or no errors but not so fluent 5: no
errors, easy to read and understand)

Description 1 (same as above): A person had an experience with eating vegetables at the end of the day.

Fluency 

Description 2 (same as above): A person found a way to get a new item and was happy about it.

Fluency 

Description 3 (same as above): Someone had an experience with vegetables.

Fluency 

Description 4 (same as above): A person had an experience with a vegetable.

Fluency 

Description 5 (same as above): A person had an experience with vegetables and they enjoyed their meal.

Fluency 

 

Optional
Additional comments:

Submit

​ ​

Task Instructions (Click to expand)

Summarization Verification (Question 1, 2, and 3):

To our question "Given that story A happened, please check all the descriptions that also happened.", you should select the descriptions that are summaries of the story (i.e.,
The story implies the description and the description does NOT contain some text that are irrelevant or contradictory to the story).
You should NOT select a description if the description contains typos (e.g., job -> jog or hate -> hat) or the readers might not understand the description. However, you can
still select a description if the description contains some minor grammartical errors (e.g., tense difference) and/or does not include the important parts of the story (i.e., the
description is not a very good summary).

 

Fluency (Question 4):

If you cannot find any errors or come up with a better way to paraphrase the description, you could give it a perfect score (5).
If the description is not coherent, grammartically correct, or having some typos, please score based on the how these errors affects its readibility.
Please type a score between 1 and 5

 

Examples:

We only show two descriptions in each example, but you might see more in the actual tasks
Example 1:

Story A

Tennis

Peter was playing tennis with his dad.
At first he thought tennis looked easy.
But then he began to play!
Peter swung and swung, but he missed every
ball.
He realized tennis was a lot harder than he'd
thought.

Story B

Match

Kya was playing tennis with her mom.
At first she was winning.
But then her mom started winning easily!
Kya saw that her mom had just been letting
her win.
In truth, her mom was much better than her!

Story C

Blind Roger

Roger wanted to play tennis as well as Roger
Federer.
Roger was blind though.
He would listen for the sound of the ball
bouncing.
Then he would chase the ball and hit it.
No one ever told Roger all his balls never
landed in the court.

 
The description 1: Someone was playing tennis with his/her parent and thought he/she is good at playing tennis.

The description 2: Someone felt embarrased in a tennis court because he/she is not as good as he/she thought he/she is.

Question 1 (Descriptions -> Story A?): Both descriptions are summaries.

Question 2 (Descriptions -> Story B?): Both descriptions are summaries.

Question 3 (Descriptions -> Story C?): None of the descriptions are summaries.

Question 4: first description: 5, second description: 4.5

Example 2:

Story A

The battle

A barbarian was walking through the woods
one day.
He noticed a foreign tribe by his tribe's river.
He ran home and warned his fellow
tribesman.
They ran over to the foreigners and engaged
in combat.
The other tribe fled and the barbarian and his
tribe went home.

Story B

The tough battle

A general and his men were surrounded in a
fort.
The enemy army began to break down the
doors.
The general and his men fought the soldiers
off as hard as they could.
Suddenly, an airplane flew overhead and the
enemy army began to run.
The general's reinforcements arrive and the
day was saved.

Story C

Danger

The battle raged across the castle's interior.
Warriors from each side died bravely.
They suddenly became aware a of new threat
as smoke wafted in.
The castle was burning down around them.
They were all in danger now.

 
The description 1: Leader and soldiers successfully defended an invasion from their enemies in a battle.

The description 2: A leader and his followers won a battle.

Question 1 (Descriptions -> Story A?): Only description 2 is a summary (they might not be soldiers and the other tribe might not invade their territory).

Question 2 (Descriptions -> Story B?): Both descriptions are summaries.

Question 3 (Descriptions -> Story C?): None of the descriptions are summaries.

Question 4: first description: 4.5, second description: 5

 

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment. We will provide more working opportunities to those workers who can judge correctly.

 

Figure 13: The evaluate task for common summary
generation



If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Please judge the coherence (Q1) and engagement/interestingness (Q2) of the stories. Then, judge the similarity (Q3) of the stories to the
reference story and whether the stories imply instruction summary (Q4). If they have the implication relation, please judge how implicitly the
stories imply the instruction summary (Q5).

Important instruction reminders
Please try to avoid giving the same score in each question. The relative score differences of different stories in each question is more important to us than their absolute score
values. For example, even if you think all the responses are totally different from the reference/goal stories in Q3, please try to give the more similar ones higher scores.
If your answers are statistically too different from other workers or obviously answer the questions without reading the stories, we might remove you from the qualification list for the
future tasks or even REJECT your answers.
Please read through the whole stories before answering questions.

We estimate that each task will take around 11-13 minutes (not including reading the instruction). If you often require less than 10 minute to complete the task, you might want to
answer the questions more carefully.

Instruction Summary (user input):
I will have an exam soon and I want to study more.

Reference/Goal Story (desired output):
Next week is my final exam. I started studying weeks ago. Every day for at least two hours. Yet I still feel unprepared. So I should study even more.

System Outputs
Story 1 (S1):

Max had a big exam coming up in a few days. He wanted to make sure he was prepared so he decided to put in a couple extra hours of studying each day. He read over his notes,
worked through practice questions, and asked his friends for help. By the time the exam rolled around, Max felt confident that he was ready to ace it.

Story 2 (S2):

I have an exam coming up soon. I am very nervous! I have spent all day studying for this exam. I am ready for it! I fell confident when I take my exam tomorrow.

For all questions except the Q4 (instruction relevancy), please type a score between 1 and 5. We provide
some reference justification of each score scale in each question, but the fine-grained decimal numbers are
preferred (e.g., 3.5).

Q1. How coherent/understandable are the stories?
(1: totally incoherent, make no sense, 2: somewhat incoherent, 3: occasionally incoherent, 4: rarely incoherent, 5: totally coherent)

S1: Max had a big exam coming up in a few days. He wanted to make sure he was prepared so he decided to put in a couple extra hours of studying each day. He read over his notes,
worked through practice questions, and asked his friends for help. By the time the exam rolled around, Max felt confident that he was ready to ace it.

Coherence 

S2: I have an exam coming up soon. I am very nervous! I have spent all day studying for this exam. I am ready for it! I fell confident when I take my exam tomorrow.

Coherence 

 

When answering all the questions below, please try NOT to consdier the incoherency of the story (i.e.,
assuming all the incoherent errors are fixed).

Q2. Please rate the engagement/interestingness of the stories.
(1: extremely boring, 2: somewhat boring, 3: occasionally entertaining, 4: somewhat entertaining, 5: very entertaining)

S1: Max had a big exam coming up in a few days. He wanted to make sure he was prepared so he decided to put in a couple extra hours of studying each day. He read over his notes,
worked through practice questions, and asked his friends for help. By the time the exam rolled around, Max felt confident that he was ready to ace it.

Engagement/Interestingness 

S2: I have an exam coming up soon. I am very nervous! I have spent all day studying for this exam. I am ready for it! I fell confident when I take my exam tomorrow.

Engagement/Interestingness 

 

Reference/Goal Story (desired output):
Next week is my final exam. I started studying weeks ago. Every day for at least two hours. Yet I still feel unprepared. So I should study even more.

Q3. How similar each of the story to the reference/goal story?
(1: sharing no common aspects, totally different 2: rarely sharing common aspects, very dissimilar, 3: sharing some common aspects, 4: sharing many common aspects, very similar, 5:
almost having the same plots, nearly the same)

S1: Max had a big exam coming up in a few days. He wanted to make sure he was prepared so he decided to put in a couple extra hours of studying each day. He read over his notes,
worked through practice questions, and asked his friends for help. By the time the exam rolled around, Max felt confident that he was ready to ace it.

Goal Relevancy 

S2: I have an exam coming up soon. I am very nervous! I have spent all day studying for this exam. I am ready for it! I fell confident when I take my exam tomorrow.

Goal Relevancy 

 

Instruction Summary (user input):
I will have an exam soon and I want to study more.

Q4. Does the story generation system follow the instruction (i.e., Does the story imply the instruction
summary)?
If you think the story does not follow the instruction in Q4, please leave the corresponding field empty in Q5 question.

Q5. How creatively the system follow the instuction? (very creative if the story implies the instruction
summary in an implicit and unexpected way)
(1: the story keeps repeating the summary, 2: the story copies lots of words in the summary, 3: the story follows the instruction explicitly, 4: the story follows the instruction implicitly, 5:
the story creatively follows the instruction in an unexpected way)

S1: Max had a big exam coming up in a few days. He wanted to make sure he was prepared so he decided to put in a couple extra hours of studying each day. He read over his notes,
worked through practice questions, and asked his friends for help. By the time the exam rolled around, Max felt confident that he was ready to ace it.

Q4. Instruction Relevancy  no      yes     Q5. Creativity 

S2: I have an exam coming up soon. I am very nervous! I have spent all day studying for this exam. I am ready for it! I fell confident when I take my exam tomorrow.

Q4. Instruction Relevancy  no      yes     Q5. Creativity 

 
 

Optional
Additional comments:

Submit

​ ​

Task Instructions (Click to expand)

We want to judge the quality of different story generation systems. You would be given an input instruction summary and a reference/goal story that the user would like to get. The
user instructs the system that he/she wants to see a story about the input summary, and the user gets different output stories from different systems.

Please judge the coherence and engagement/interestingness of every output story. We also want to know similarity of the output story to the reference story (Goal Relevancy), if
the systems follow the user's instruction (Instruction Relevancy) and its creativity on following the instruction.

For all questions except the instruction relevancy, please type a score between 1 and 5.

Q1. Coherence Score Explanation:

How well the sentences in the story combine to weave a well-structured, commonsense narrative?
When judging the coherence, you should consider if the story is commonsensical, contradictory, repetitive, grammatical, smooth transition between sentences, etc.
If you cannot find any place that needs to revise to make it more readable, you should score 5 (totally coherent). On the other hand, if you think the story is too hard to revise
in order to make it readable (i.e., the story makes no sense), you should score 1 (totally incoherent).

Q2. Interestingness Score Explanation:

A story is more interesting if it is more entertaining or engaging (e.g., funny/surprising/climatic/conclusive).
We understand that interestingness is a subjective feeling. An interesting story for one person might be boring for another person. Instead of whether the story is interesting to
yourself, we are asking you to infer the responses of the other people in this task.
Notice that interestingness and coherence are two different concepts. An incoherent story could still be interesting.

Q3. Goal Relevancy Score Explanation:

The goal/reference story is hidden in user's mind. If the output summary is more similar to the goal/reference, the output story is better aligned with user's interest.
Assuming the goal/reference story is aligned with a user's goal perfectly. If you feel that the output story also aligned well with the user goal (i.e., similar to the reference
story), you should give the output story a high relevancy score.

Q4. Instruction Relevancy Score Explanation:

The story generation system follows the instruction means that its output story implies the input summary.
You should select yes if the summary happened given that the output story happened. (i.e., The instruction summary does NOT contain some text that are irrelevant or
contradictory to the output story)
For example, if a summary says "A student went hiking tomorrow" but a story is talking about "a student went hiking yesteray", the story does NOT imply the summary even
though their meanings are very similar.

Q5. Creativity Score Explanation:

When the story generation system follows the instruction of "Please generate the story about this input summary", we want to judge its creativity of incoporating instruction
into its output story.
If you answer no in Q4, please skip this question.
For example, the input instruction summary is "a man does something risky." A story starts with "John went to Las Vegas and gambled all his money. ..." is more creative than
a story starts with "One day, a man decided to do something risky. ...".

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses might be examined manually by the requester or compared with the responses of other workers. The reviewing might take some time, so you might need to
wait for several days to get the payment. We will provide more working opportunities to the qualified workers in the future.

(a) Short story

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Please judge the coherence (Q1) and engagement/interestingness (Q2) of the stories. Then, judge the similarity (Q3) of the stories to the
reference story and whether the stories imply instruction summary (Q4). If they have the implication relation, please judge how implicitly the
stories imply the instruction summary (Q5).

All the instructions are the same as the previous short story evaluation HIT except the following points (Please read the following instructions even if you did not participate the
short story evaluation).

If you feel that a story is too long and keeps repeating the similar sentences without having some real development, feel free to skim through the story as long as you feel that your
answer would be similar to other workers. Otherwise, please read through the whole story before answering the questions.
We understand that all the stories are more or less incoherent. Therefore, we adjust the meaning of each coherence score accordingly. Even if you think all the responses are
totally incoherent in Q1, please try to still give higher scores to relatively more coherent stories.
We understand that all the stories contain more details than the goal/reference stories. Therefore, we adjust the meaning of each goal relevancy score accordingly. Even if you
think all the responses are totally different from the reference/goal stories in Q3, please try to give the more similar ones higher scores.
Some generated stories would contain some Reddit-related text (e.g., using _____ to seperate different sections of stories). Please ignore those text, especially when you judge
the coherency of the story.
The interestingness scores should not be affected by whether the story contains some inappropriate contents (e.g., dirty words).

Important instruction reminders
Please try to avoid giving the same score in each question. The relative score differences of different stories in each question is more important to us than their absolute score
values.
If your answers are statistically too different from other workers, we might remove you from the qualification list for the future tasks or even REJECT your answers.

We estimate that each task will take around 14-16 minutes (not including reading the instruction). If you often require less than 13 minute to complete the task, you might want to
answer the questions more carefully.

Instruction Summary (user input):
I will have an exam soon and I want to study more.

Reference/Goal Story (desired output):
Next week is my final exam. I started studying weeks ago. Every day for at least two hours. Yet I still feel unprepared. So I should study even more.

System Outputs
Story 1 (S1):

There's only three days left before my final exam, and I'm going to be as prepared as I've ever been. I've read all of my notes. I've studied for the past three days. I have a feeling I'm
going to be fine. I've gotten good grades, and I have a feeling I'm going to do just fine. I think that I'm going to do great. I don't want anything to screw me over... I can't just let that ''be
the end of me.

Story 2 (S2):

newline> Sir, I want to take this exam. Do you know what the results will tell us? '' Yes sir, and I'll make sure to study well for it.'' How about you just take a seat in the back of a bus, sir?
'' Sure, sir.'' I don't really like buses. '' Isn't there somewhere else to go?'' I don't know if you know where the next bus will be. '' Well I'm not sure about that, sir, but I'll take a seat on the
bus and study more.'' Thank you, ''the driver said. The bus sped off, and we were soon seated at a bench. A man, with a beard, looked over and snorted. I'd like to thank you, sir.'' I've
never been one to give up, and you've helped so many people. '' Thank you!'' What's a bus, sir? '' Well it's a bus, sir. But it's a bus that goes everywhere. You know what, I don't know
how this bus works, besides, uh, I don't know if I'm going to take the bus, or stay at home.'' Well I'm glad you can see that I'm going to take this class. '' Is there anything else I can
study?'' No, but I've been reading about it online, sir. '' I'm not sure I'm sure about that sir,'' he snorted. I'll make an appointment with Dr. Johnson to see if I can give you any advice. '' Is
there anything in particular that you need to study for the test?'' No, that's fine. '' But I'm pretty tired, sir.'' I'm sure that you'll study for it. '' Well, if you want, sir, I can do that tomorrow if
you want.'' That's alright. '' Okay. I'll try.'' The driver sped off as we sped away. The bus drove off, as usual, and as we were driving away, there was a knock on the door. Hello, sir. ''
Hello?'' Yes, my name is Doctor Johnson, Doctor? '' Yes, sir, I am your Doctor, and I'm very sorry to hear this. I hope that I can give you all the information you need.'' Yes, Doctor? ''The
man looked at his watch. Yes, sir,'' he smiled, and the driver waved back. So, you are a doctor, right? '' I am,'' I am a doctor at Saint Elizabeth Hospital in London, I am a forensic
pathologist. I am, uh, a surgeon, I am able to diagnose and treat patients. I am also in the medical field, and am able to do surgery in my area. '' Well, that's all,'' he said with a laugh. He
then pulled out a small, round, silver device and put it on his head. And this is the test that will decide the fate of the world. You will need that information in order to make your decision.
'' And,'' he added, I am sorry that you have to be a doctor. ''

For all questions except the Q4 (instruction relevancy), please type a score between 1 and 5. We provide
some reference justification of each score scale in each question, but the fine-grained decimal numbers are
preferred (e.g., 3.5).

Q1. How coherent/understandable are the stories?
(1: I cannot even guess what this story is about, 2: I can barely understand the main plot of the story, 3: There are some major coherency issues, but I can understand its main plot, 4:
There are some minor coherency issues, but they usually do not affect its main plot, 5: the story is easy to read)

S1: There's only three days left before my final exam, and I'm going to be as prepared as I've ever been. I've read all of my notes. I've studied for the past three days. I have a feeling
I'm going to be fine. I've gotten good grades, and I have a feeling I'm going to do just fine. I think that I'm going to do great. I don't want anything to screw me over... I can't just let that
''be the end of me.

Coherence 

S2: newline> Sir, I want to take this exam. Do you know what the results will tell us? '' Yes sir, and I'll make sure to study well for it.'' How about you just take a seat in the back of a bus,
sir? '' Sure, sir.'' I don't really like buses. '' Isn't there somewhere else to go?'' I don't know if you know where the next bus will be. '' Well I'm not sure about that, sir, but I'll take a seat on
the bus and study more.'' Thank you, ''the driver said. The bus sped off, and we were soon seated at a bench. A man, with a beard, looked over and snorted. I'd like to thank you, sir.''
I've never been one to give up, and you've helped so many people. '' Thank you!'' What's a bus, sir? '' Well it's a bus, sir. But it's a bus that goes everywhere. You know what, I don't
know how this bus works, besides, uh, I don't know if I'm going to take the bus, or stay at home.'' Well I'm glad you can see that I'm going to take this class. '' Is there anything else I can
study?'' No, but I've been reading about it online, sir. '' I'm not sure I'm sure about that sir,'' he snorted. I'll make an appointment with Dr. Johnson to see if I can give you any advice. '' Is
there anything in particular that you need to study for the test?'' No, that's fine. '' But I'm pretty tired, sir.'' I'm sure that you'll study for it. '' Well, if you want, sir, I can do that tomorrow if
you want.'' That's alright. '' Okay. I'll try.'' The driver sped off as we sped away. The bus drove off, as usual, and as we were driving away, there was a knock on the door. Hello, sir. ''
Hello?'' Yes, my name is Doctor Johnson, Doctor? '' Yes, sir, I am your Doctor, and I'm very sorry to hear this. I hope that I can give you all the information you need.'' Yes, Doctor? ''The
man looked at his watch. Yes, sir,'' he smiled, and the driver waved back. So, you are a doctor, right? '' I am,'' I am a doctor at Saint Elizabeth Hospital in London, I am a forensic
pathologist. I am, uh, a surgeon, I am able to diagnose and treat patients. I am also in the medical field, and am able to do surgery in my area. '' Well, that's all,'' he said with a laugh. He
then pulled out a small, round, silver device and put it on his head. And this is the test that will decide the fate of the world. You will need that information in order to make your decision.
'' And,'' he added, I am sorry that you have to be a doctor. ''

Coherence 

When answering all the questions below, please try NOT to consdier the incoherency of the story (i.e.,
assuming all the incoherent errors are fixed).

Q2. Please rate the engagement/interestingness of the stories.
(1: extremely boring, 2: somewhat boring, 3: occasionally entertaining, 4: somewhat entertaining, 5: very entertaining)

S1: There's only three days left before my final exam, and I'm going to be as prepared as I've ever been. I've read all of my notes. I've studied for the past three days. I have a feeling
I'm going to be fine. I've gotten good grades, and I have a feeling I'm going to do just fine. I think that I'm going to do great. I don't want anything to screw me over... I can't just let that
''be the end of me.

Engagement/Interestingness 

S2: newline> Sir, I want to take this exam. Do you know what the results will tell us? '' Yes sir, and I'll make sure to study well for it.'' How about you just take a seat in the back of a bus,
sir? '' Sure, sir.'' I don't really like buses. '' Isn't there somewhere else to go?'' I don't know if you know where the next bus will be. '' Well I'm not sure about that, sir, but I'll take a seat on
the bus and study more.'' Thank you, ''the driver said. The bus sped off, and we were soon seated at a bench. A man, with a beard, looked over and snorted. I'd like to thank you, sir.''
I've never been one to give up, and you've helped so many people. '' Thank you!'' What's a bus, sir? '' Well it's a bus, sir. But it's a bus that goes everywhere. You know what, I don't
know how this bus works, besides, uh, I don't know if I'm going to take the bus, or stay at home.'' Well I'm glad you can see that I'm going to take this class. '' Is there anything else I can
study?'' No, but I've been reading about it online, sir. '' I'm not sure I'm sure about that sir,'' he snorted. I'll make an appointment with Dr. Johnson to see if I can give you any advice. '' Is
there anything in particular that you need to study for the test?'' No, that's fine. '' But I'm pretty tired, sir.'' I'm sure that you'll study for it. '' Well, if you want, sir, I can do that tomorrow if
you want.'' That's alright. '' Okay. I'll try.'' The driver sped off as we sped away. The bus drove off, as usual, and as we were driving away, there was a knock on the door. Hello, sir. ''
Hello?'' Yes, my name is Doctor Johnson, Doctor? '' Yes, sir, I am your Doctor, and I'm very sorry to hear this. I hope that I can give you all the information you need.'' Yes, Doctor? ''The
man looked at his watch. Yes, sir,'' he smiled, and the driver waved back. So, you are a doctor, right? '' I am,'' I am a doctor at Saint Elizabeth Hospital in London, I am a forensic
pathologist. I am, uh, a surgeon, I am able to diagnose and treat patients. I am also in the medical field, and am able to do surgery in my area. '' Well, that's all,'' he said with a laugh. He
then pulled out a small, round, silver device and put it on his head. And this is the test that will decide the fate of the world. You will need that information in order to make your decision.
'' And,'' he added, I am sorry that you have to be a doctor. ''

Engagement/Interestingness 

Reference/Goal Story (desired output):
Next week is my final exam. I started studying weeks ago. Every day for at least two hours. Yet I still feel unprepared. So I should study even more.

Q3. How similar each of the story to the reference/goal story?
(1: their main plots share no common aspects 2: their main plots rarely share common aspects, 3: their main plots share some common aspects, 4: their main plots share many
common aspects, 5: their main plots are almost the same)

Please do not give the same scores to all the methods. Even if you think all the responses are totally
different from the reference/goal stories, please try to give the more similar ones higher scores instead of
filling 1 in every field. For example, although the plots are very different, if the reference/goal story and the
1st story is talking about cat, while the 2nd stories do not talk about cat. You should consider to give 1st
story higher goal relevancy score compared to the 2nd story.
S1: There's only three days left before my final exam, and I'm going to be as prepared as I've ever been. I've read all of my notes. I've studied for the past three days. I have a feeling
I'm going to be fine. I've gotten good grades, and I have a feeling I'm going to do just fine. I think that I'm going to do great. I don't want anything to screw me over... I can't just let that
''be the end of me.

Goal Relevancy 

S2: newline> Sir, I want to take this exam. Do you know what the results will tell us? '' Yes sir, and I'll make sure to study well for it.'' How about you just take a seat in the back of a bus,
sir? '' Sure, sir.'' I don't really like buses. '' Isn't there somewhere else to go?'' I don't know if you know where the next bus will be. '' Well I'm not sure about that, sir, but I'll take a seat on
the bus and study more.'' Thank you, ''the driver said. The bus sped off, and we were soon seated at a bench. A man, with a beard, looked over and snorted. I'd like to thank you, sir.''
I've never been one to give up, and you've helped so many people. '' Thank you!'' What's a bus, sir? '' Well it's a bus, sir. But it's a bus that goes everywhere. You know what, I don't
know how this bus works, besides, uh, I don't know if I'm going to take the bus, or stay at home.'' Well I'm glad you can see that I'm going to take this class. '' Is there anything else I can
study?'' No, but I've been reading about it online, sir. '' I'm not sure I'm sure about that sir,'' he snorted. I'll make an appointment with Dr. Johnson to see if I can give you any advice. '' Is
there anything in particular that you need to study for the test?'' No, that's fine. '' But I'm pretty tired, sir.'' I'm sure that you'll study for it. '' Well, if you want, sir, I can do that tomorrow if
you want.'' That's alright. '' Okay. I'll try.'' The driver sped off as we sped away. The bus drove off, as usual, and as we were driving away, there was a knock on the door. Hello, sir. ''
Hello?'' Yes, my name is Doctor Johnson, Doctor? '' Yes, sir, I am your Doctor, and I'm very sorry to hear this. I hope that I can give you all the information you need.'' Yes, Doctor? ''The
man looked at his watch. Yes, sir,'' he smiled, and the driver waved back. So, you are a doctor, right? '' I am,'' I am a doctor at Saint Elizabeth Hospital in London, I am a forensic
pathologist. I am, uh, a surgeon, I am able to diagnose and treat patients. I am also in the medical field, and am able to do surgery in my area. '' Well, that's all,'' he said with a laugh. He
then pulled out a small, round, silver device and put it on his head. And this is the test that will decide the fate of the world. You will need that information in order to make your decision.
'' And,'' he added, I am sorry that you have to be a doctor. ''

Goal Relevancy 

Instruction Summary (user input):
I will have an exam soon and I want to study more.

Q4. Does the story generation system follow the instruction (i.e., Does the story imply the instruction
summary)?
If you think the story does not follow the instruction in Q4, please leave the corresponding field empty in Q5 question.

Q5. How creatively the system follow the instuction? (very creative if the story implies the instruction
summary in an implicit and unexpected way)
(1: the story keeps repeating the summary, 2: the story copies lots of words in the summary, 3: the story follows the instruction explicitly, 4: the story follows the instruction implicitly, 5:
the story creatively follows the instruction in an unexpected way)

S1: There's only three days left before my final exam, and I'm going to be as prepared as I've ever been. I've read all of my notes. I've studied for the past three days. I have a feeling
I'm going to be fine. I've gotten good grades, and I have a feeling I'm going to do just fine. I think that I'm going to do great. I don't want anything to screw me over... I can't just let that
''be the end of me.

Q4. Instruction Relevancy  no      yes     Q5. Creativity 

S2: newline> Sir, I want to take this exam. Do you know what the results will tell us? '' Yes sir, and I'll make sure to study well for it.'' How about you just take a seat in the back of a bus,
sir? '' Sure, sir.'' I don't really like buses. '' Isn't there somewhere else to go?'' I don't know if you know where the next bus will be. '' Well I'm not sure about that, sir, but I'll take a seat on
the bus and study more.'' Thank you, ''the driver said. The bus sped off, and we were soon seated at a bench. A man, with a beard, looked over and snorted. I'd like to thank you, sir.''
I've never been one to give up, and you've helped so many people. '' Thank you!'' What's a bus, sir? '' Well it's a bus, sir. But it's a bus that goes everywhere. You know what, I don't
know how this bus works, besides, uh, I don't know if I'm going to take the bus, or stay at home.'' Well I'm glad you can see that I'm going to take this class. '' Is there anything else I can
study?'' No, but I've been reading about it online, sir. '' I'm not sure I'm sure about that sir,'' he snorted. I'll make an appointment with Dr. Johnson to see if I can give you any advice. '' Is
there anything in particular that you need to study for the test?'' No, that's fine. '' But I'm pretty tired, sir.'' I'm sure that you'll study for it. '' Well, if you want, sir, I can do that tomorrow if
you want.'' That's alright. '' Okay. I'll try.'' The driver sped off as we sped away. The bus drove off, as usual, and as we were driving away, there was a knock on the door. Hello, sir. ''
Hello?'' Yes, my name is Doctor Johnson, Doctor? '' Yes, sir, I am your Doctor, and I'm very sorry to hear this. I hope that I can give you all the information you need.'' Yes, Doctor? ''The
man looked at his watch. Yes, sir,'' he smiled, and the driver waved back. So, you are a doctor, right? '' I am,'' I am a doctor at Saint Elizabeth Hospital in London, I am a forensic
pathologist. I am, uh, a surgeon, I am able to diagnose and treat patients. I am also in the medical field, and am able to do surgery in my area. '' Well, that's all,'' he said with a laugh. He
then pulled out a small, round, silver device and put it on his head. And this is the test that will decide the fate of the world. You will need that information in order to make your decision.
'' And,'' he added, I am sorry that you have to be a doctor. ''

Q4. Instruction Relevancy  no      yes     Q5. Creativity 

 

Optional
Additional comments:

Submit

​ ​

Task Instructions (Click to expand)

We want to judge the quality of different story generation systems. You would be given an input instruction summary and a reference/goal story that the user would like to get. The
user instructs the system that he/she wants to see a story about the input summary, and the user gets different output stories from different systems.

Please judge the coherence and engagement/interestingness of every output story. We also want to know similarity of the output story to the reference story (Goal Relevancy), if
the systems follow the user's instruction (Instruction Relevancy) and its creativity on following the instruction.

For all questions except the instruction relevancy, please type a score between 1 and 5.

Q1. Coherence Score Explanation:

How well the sentences in the story combine to weave a well-structured, commonsense narrative?
When judging the coherence, you should consider if the story is commonsensical, contradictory, repetitive, grammatical, smooth transition between sentences, etc.
If you cannot find any place that needs to revise to make it more readable, you should score 5 (totally coherent). On the other hand, if you think the story is too hard to revise
in order to make it readable (i.e., the story makes no sense), you should score 1 (totally incoherent).

Q2. Interestingness Score Explanation:

A story is more interesting if it is more entertaining or engaging (e.g., funny/surprising/climatic/conclusive).
We understand that interestingness is a subjective feeling. An interesting story for one person might be boring for another person. Instead of whether the story is interesting to
yourself, we are asking you to infer the responses of the other people in this task.
Notice that interestingness and coherence are two different concepts. An incoherent story could still be interesting.

Q3. Goal Relevancy Score Explanation:

The goal/reference story is hidden in user's mind. If the output summary is more similar to the goal/reference, the output story is better aligned with user's interest.
Assuming the goal/reference story is aligned with a user's goal perfectly. If you feel that the output story also aligned well with the user goal (i.e., similar to the reference
story), you should give the output story a high relevancy score.

Q4. Instruction Relevancy Score Explanation:

The story generation system follows the instruction means that its output story implies the input summary.
You should select yes if the summary happened given that the output story happened. (i.e., The instruction summary does NOT contain some text that are irrelevant or
contradictory to the output story)
For example, if a summary says "A student went hiking tomorrow" but a story is talking about "a student went hiking yesteray", the story does NOT imply the summary even
though their meanings are very similar.

Q5. Creativity Score Explanation:

When the story generation system follows the instruction of "Please generate the story about this input summary", we want to judge its creativity of incoporating instruction
into its output story.
If you answer no in Q4, please skip this question.
For example, the input instruction summary is "a man does something risky." A story starts with "John went to Las Vegas and gambled all his money. ..." is more creative than
a story starts with "One day, a man decided to do something risky. ...".

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses might be examined manually by the requester or compared with the responses of other workers. The reviewing might take some time, so you might need to
wait for several days to get the payment. We will provide more working opportunities to the qualified workers in the future.

(b) Long story

Figure 14: The evaluation task for story evaluation. In each evaluation round, we will ask the worker to compare all
stories generated by different methods. To reduce the task length, we only show the first two stories here.



You would be given two similar short stories. Please write a specific common summary for both stories.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Some stories in this task are not very similar, which makes the task difficult. Nevertheless, we estimate that each task will take around 2-6 minutes (not including reading the
instruction). If you often require less than 2 minute to complete the task, you might want to answer the questions more carefully.

Story A:
    The water

    The Miller family spent their summers at the lake house.
    Everyone spent a large amount of time in the water.
    One year everyone got swimmer's itch from the water.
    The whole family had to get ointment.
    The Millers were more careful about washing off after swimming.

Story B:
    The lake

    The jones family went to the lake every summer.
    They loved spending time as a family on the boats and swimming.
    Unfortunately their boat was vandalized one winter.
    The damages were so bad that they could not repair their boat.
    Now every summer the Jones go to the lake and cry about their boat.

Please write a common summary for both stories. Please make your common summary as specific as
possible.

Before submitting your answer, please make sure
your answer still summarizes story A if you never see story B
your answer still summarizes story B if you never see story A

 

Optional
Additional comments:

​ ​

Task Instructions (Click to expand)

Meaning of the Specific Common Summary:

Commonness: Your summary should be the summary of story A AND the summary of story B at the same time. That is, your summary should not include anything that only
happened in one of the stories.
Specificity: Your summary should try to include all the (important) common facts that you can find and shared by both stories. The summary would become more specific as
you include more facts.
Avoid using a general term if possible. For example, when you are describing a woman who is a teacher in both stories, referring her as a "female teacher" is better than
using a "woman" or "teacher". For the person with different genders in different stories, you can use "someone", "a XXX person", or "him/her".
Please try to use the same grammartical tense as the original stories. For example, if one of the stories uses the past tense, you could also use the past tense.

 

Examples:

Example 1:
Story A

Tennis

Peter was playing tennis with his dad.
At first he thought tennis looked easy.
But then he began to play!
Peter swung and swung, but he missed every ball.
He realized tennis was a lot harder than he'd thought.

Story B

Match

Kya was playing tennis with her mom.
At first she was winning.
But then her mom started winning easily!
Kya saw that her mom had just been letting her win.
In truth, her mom was much better than her!

✅ Correct Common Summary: Someone was playing tennis with his/her parent and thought he/she is good at playing tennis.
❌ Incorrect Common Summary: Peter and Kya were playing tennis with their parents, who played better than them.

The answer does not summarize story A because story A does not mention Kya and does not mention Peter played worse than his dad.
The answer does not summarize story B because story B does not mention Peter.

❌ Too General Common Summary: Someone were playing tennis.
Example 2:
Story A

The battle

A barbarian was walking through the woods one day.
He noticed a foreign tribe by his tribe's river.
He ran home and warned his fellow tribesman.
They ran over to the foreigners and engaged in combat.
The other tribe fled and the barbarian and his tribe went home.

Story B

The tough battle

A general and his men were surrounded in a fort.
The enemy army began to break down the doors.
The general and his men fought the soldiers off as hard as they could.
Suddenly, an airplane flew overhead and the enemy army began to run.
The general's reinforcements arrive and the day was saved.

✅ Correct Common Summary: Warriors fought bravely and their enemies fled after the combat.
❌ Incorrect Common Summary: Soldiers successfully defended an invasion from their enemies.

The answer does not summarize story A because they might not be soldiers and the other tribe might not invade their territory.
❌ Too General Common Summary: People fought against their enemies.

 

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment. We will provide more working opportunities to those workers who can write high-quality specific common summary.

 

Figure 15: Our common summary writing task



You would be given two similar short stories and a description about the two stories. Please first check if the provided description is a summary
of story A and a summary of story B. Then, check if the provided description is a specific common summary for both stories. If yes, write
another specific common summary or correct its grammartical error(s). If not, revise the description.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminder
If you have seen the pair of stories in the previous run(s), please skip the task until you see the stories you haven't seen.
Your responses will be examined manually by the requester or judged by other workers.

Some tasks are more difficult than the others. Nevertheless, we estimate that each task will take around 2-6 minutes (not including reading the instruction). If you often require less than
2 minute to complete the task, you might want to answer the questions more carefully.

Story A:
    Practice

    Corwin learned to play Hot Cross Buns on the recorder.
    He practiced and practiced, working to get better.
    One afternoon, he spent a whole hour playing his music.
    On Friday, he played the song for his music teacher at school.
    He was really proud of himself for playing every note perfectly!

A description of the story A:
    A person wants to learn an instrument, so they spend time practicing and eventually perform wonderfully!

Question 1: Given that the story A happened, can we infer that the description also happened?
  Yes, the description is a summary of story A.

  Yes, but the description has some grammartical error(s).

  Unsure, the description included something that are not mentioned in the story A.

  No, the description included something that contradicts with the story A.

  No, I don't understand the meaning of the description.

 

Story B:
    Harp

    Laura wanted to play the harp.
    She signed up for lessons in school.
    At first it was very difficult to learn.
    But soon she was playing wonderfully.
    She played so well, she got a solo in the school concert!

A description of the story B (Same as above):
    A person wants to learn an instrument, so they spend time practicing and eventually perform wonderfully!

Question 2: Given that the story B happened, can we infer that the description also happened?
  Yes, the description is a summary of story B.

  Yes, but the description has some grammartical error(s).

  Unsure, the description included something that are not mentioned in the story B.

  No, the description included something that contradicts with the story B.

  No, I don't understand the meaning of the description.

 

Story A (same as above):
    Practice

    Corwin learned to play Hot Cross Buns on the recorder.
    He practiced and practiced, working to get better.
    One afternoon, he spent a whole hour playing his music.
    On Friday, he played the song for his music teacher at school.
    He was really proud of himself for playing every note perfectly!

Story B (same as above):
    Harp

    Laura wanted to play the harp.
    She signed up for lessons in school.
    At first it was very difficult to learn.
    But soon she was playing wonderfully.
    She played so well, she got a solo in the school concert!

A description of the story A and B (same as above):
A person wants to learn an instrument, so they spend time practicing and eventually perform wonderfully!

Question 3: Is the description a specific common summary for the story A and the story B?
  Yes, the description is a specific common summary.

If yes, please paraphrase the description or provide an alternative specific common summary. Try your best to make your summary as different from the provided one as
possible.

  Yes, but the description has some grammartical error(s).
If the description is a specific common summary except its grammartical error(s), please correct the error(s).

  No, the description is too general.
If the description is too general, please make the description more specific.

  No, the description is not a common summary or the description does not make sense.
If the description is not a common summary or the description makes no sense, please provide a correct specific common summary.

 

Optional
Additional comments:

​ ​

Task Instructions (Click to expand)

Summarization Verification (Question 1 and 2):

If the provided description is a summary of a story, the story implies the description. If the provided description is NOT a summary of a story, the description must contain
some irrelevant text or contradictory text.
To our question "Given that the story A happened, can we infer that the description also happened?", you should answer unsure if the description contains the irrelevant text
and answer no if the description contains the contradictory text or if the description does not make sense.
If you answer unsure or no, please ignore the grammartical error. If you answer yes, please indicate if the description contains some grammartical errors.
You can still answer yes if the description does not include the important parts of the story (i.e., the description is not a very good summary).

 

Improving Specific Common Summary (Question 3):

If you did not answer yes in either question 1 or question 2, please select "No, the description is not a common summary or the description does not make sense." in
question 3 and provide a correct specific common summary.
Otherwise, if you think the description could be more specific, please select "No, the description is too general." and add more details to the description shared in both
stories.
Otherwise, if the description is a specific common summary containing some grammartical error(s), please select "Yes, but the description has some grammartical
error(s)" and correct the error(s).
Otherwise, if the description is a good specific common summary, please select "Yes, the description is a specific common summary." and provide another alternative.
You can paraphrase the provided summary or summarize both stories in a different way, but you should make sure your alternative is still a summary of story A and a summry
of story B. Try your best to make your summary as different from the provided one as possible.

 

Examples:

Example 1:
Story A

Tennis

Peter was playing tennis with his dad.
At first he thought tennis looked easy.
But then he began to play!
Peter swung and swung, but he missed every ball.
He realized tennis was a lot harder than he'd thought.

Story B

Match

Kya was playing tennis with her mom.
At first she was winning.
But then her mom started winning easily!
Kya saw that her mom had just been letting her win.
In truth, her mom was much better than her!

 
The description: Someone was playing tennis with his/her parent and thought he/she is good at playing tennis.

Question 1: Yes. The description is a specific summary for story A.

Question 2: Yes. The description is a specific summary for story B.

Question 3: Yes. The description is a specific common summary for story A and story B.

Another specific common summary: Someone felt embarrased in a tennis court because he/she is not as good as he/she thought he/she is.

Example 2:
Story A

The battle

A barbarian was walking through the woods one day.
He noticed a foreign tribe by his tribe's river.
He ran home and warned his fellow tribesman.
They ran over to the foreigners and engaged in combat.
The other tribe fled and the barbarian and his tribe went home.

Story B

The tough battle

A general and his men were surrounded in a fort.
The enemy army began to break down the doors.
The general and his men fought the soldiers off as hard as they could.
Suddenly, an airplane flew overhead and the enemy army began to run.
The general's reinforcements arrive and the day was saved.

 
The description: Soldiers successfully defended an invasion from their enemies.

Question 1: Unsure. the description included something that are not mentioned in the story A (they might not be soldiers and the other tribe might not invade their territory).

Question 2: Yes. The description is a specific summary for story B.

Question 3: No, the description is not a common summary.

A revision of the specific common summary: A leader and his followers won a battle and expel their enemies.

 

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
If you have seen the pair of stories in the previous run(s), please skip the task until you see the stories you haven't seen.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment. We will provide more working opportunities to those workers who can judge correctly and write high-quality specific common summary.

 

(a) The revision task

You would be given two similar short stories and two descriptions about the two stories. Please first check if the provided descriptions are
summaries of story A and summaries of story B. Next, compare two descriptions.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminder
If you (e.g., A2RBF3IIJP15IH AVNP1F3CADQRW) have seen the pair of stories in the previous run(s), please skip the task until you see the descriptions you haven't seen.
Your responses will be examined manually by the requester or judged by other workers.

We estimate that each task will take around 2-3 minutes (not including reading the instruction). If you often require less than 2 minute to complete the task, you might want to answer
the questions more carefully.

Story A:
    The water

    The Miller family spent their summers at the lake house.
    Everyone spent a large amount of time in the water.
    One year everyone got swimmer's itch from the water.
    The whole family had to get ointment.
    The Millers were more careful about washing off after swimming.

Question 1: Given that story A happened, please check all the descriptions that also happened.
That is, check all descriptions that are valid summaries of story A

  Description 1: A family went to the lake every summer. They loved spending time doing water activities. Unfortunately a bad event happened and action had to be taken.

 

  Description 2: A family went to the lake every summer and they enjoyed doing water activities but one bad incident changed their future behavior.

 

Story B:
    The lake

    The jones family went to the lake every summer.
    They loved spending time as a family on the boats and swimming.
    Unfortunately their boat was vandalized one winter.
    The damages were so bad that they could not repair their boat.
    Now every summer the Jones go to the lake and cry about their boat.

Question 2: Given that story B happened, please check all the descriptions that also happened.
That is, check all descriptions that are valid summaries of story B

  Description 1 (same as above): A family went to the lake every summer. They loved spending time doing water activities. Unfortunately a bad event happened and action had to be
taken.

 

  Description 2 (same as above): A family went to the lake every summer and they enjoyed doing water activities but one bad incident changed their future behavior.

 

The description 1 (same as above):
A family went to the lake every summer. They loved spending time doing water activities. Unfortunately a bad event happened and action had to be taken.

The description 2 (same as above):
A family went to the lake every summer and they enjoyed doing water activities but one bad incident changed their future behavior.

Question 3: What is the relation between description 1 and description 2?
 The two descriptions are almost identical.

 The two descriptions are not almost identical, but they are paraphrases.

 Description 1 (more specific) implies description 2 (more general).

 Description 2 (more specific) implies description 1 (more general).

 Both descriptions have some unique information.

 

Optional
Additional comments:

​ ​

Task Instructions (Click to expand)

Summarization Verification (Question 1 and 2):

To our question "Given that story A happened, please check all the descriptions that also happened.", you should select the descriptions that are summaries of the story (i.e.,
The story implies the description and the description does NOT contain some text that are irrelevant or contradictory to the story).
You can still select a description if the description contains some grammartical errors and/or does not include the important parts of the story (i.e., the description is not a very
good summary).

 

Description Confirmation (Question 3):

Select "The two descriptions are almost identical." for the descriptions such as "A person studied hard" and "Someone studied hard".
Select "The two descriptions are not almost identical, but they are paraphrases." for the descriptions such as "A exam was approaching, so a student studied hard" and
"A student studied diligently for an approaching exam".
Select "Description 1 (more specific) implies description 2 (more general)." if you see descriptions 1 is "An important exam was approaching, so a male student studied
hard" and descriptions 2 is "A student studied diligently for an exam".
Select "Both descriptions have some unique information." for the descriptions such as "An important exam was approaching, so a male student studied hard" and "A
student studied diligently because he is afraid of failing an exam".

 

Examples:

Example 1:
Story A

Tennis

Peter was playing tennis with his dad.
At first he thought tennis looked easy.
But then he began to play!
Peter swung and swung, but he missed every ball.
He realized tennis was a lot harder than he'd thought.

Story B

Match

Kya was playing tennis with her mom.
At first she was winning.
But then her mom started winning easily!
Kya saw that her mom had just been letting her win.
In truth, her mom was much better than her!

 
The description 1: Someone was playing tennis with his/her parent and thought he/she is good at playing tennis.

The description 2: Someone felt embarrased in a tennis court because he/she is not as good as he/she thought he/she is.

Question 1: Both descriptions are summary.

Question 2: Both descriptions are summary.

Question 3: Both descriptions have some unique information.

Example 2:
Story A

The battle

A barbarian was walking through the woods one day.
He noticed a foreign tribe by his tribe's river.
He ran home and warned his fellow tribesman.
They ran over to the foreigners and engaged in combat.
The other tribe fled and the barbarian and his tribe went home.

Story B

The tough battle

A general and his men were surrounded in a fort.
The enemy army began to break down the doors.
The general and his men fought the soldiers off as hard as they could.
Suddenly, an airplane flew overhead and the enemy army began to run.
The general's reinforcements arrive and the day was saved.

 
The description 1: A leader and soldiers successfully defended an invasion from their enemies in a battle.

The description 2: A leader and his followers won a battle.

Question 1: Only description 2 is a summary (they might not be soldiers and the other tribe might not invade their territory).

Question 2: Both descriptions are summary.

Question 3: Description 1 (more specific) implies description 2 (more general).

 

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
If you have seen the pair of stories in the previous run(s), please skip the task until you see the description you haven't seen.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment. We will provide more working opportunities to those workers who can judge correctly.

 

(b) The verification task

Figure 16: Our common summary revision and verification tasks



You would be given two similar short stories and descriptions about the two stories. Please first check if the provided descriptions are
summaries of story A and summaries of story B.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminders
Your responses will be examined manually by the requester or judged by other workers.
You should NOT select a description if the description contains typos (e.g., job -> jog or hate -> hat) or the readers might not understand the description. However, you can still
select a description if the description contains some minor grammartical errors (e.g., tense difference) and/or does not include the important parts of the story (i.e., the description
is not a very good summary).
If none of the option is checked, please write "None" in the comment.

We estimate that each task will take around 3-5 minutes (not including reading the instruction). If you often require less than 3 minute to complete the task, you might want to answer
the questions more carefully.

Story A:
    New haircut

    Kelly decided to get a new haircut.
    She made her hair real short.
    When she looked in the mirror it looked great.
    Unfortunately it grew back too soon.
    Kelly had to go back and get it done.

Question 1: Given that story A happened, please check all the descriptions that also happened (story A
implies descriptions).
That is, check all descriptions that are valid summaries of story A

  Description 1: Someone went to get a haircut and it didn't go as anticipated.

  Description 2: A girl went for a haircut. She was disappointed with the result.

  Description 3: A woman got a new haircut.

  Description 4: A person went to get a haircut. At the end of the day, she was disappointed with the result.

  Description 5: A girl went for a haircut. She was not happy with the result.

  Description 6: A person underwent a hair cut. The result was a short, unattractive hairstyle.

  Description 7: A person went for a haircut and was disappointed with the result.

  Description 8: A girl went to get her hair cut. She was disappointed with the result.

  Description 9: A person had a hair cut but it was too short.

  Description 10: A lady went to get her hair cut. At the end of the day, she was very happy with their choice.

 

Story B:
    The haircut

    Donna went to get a haircut.
    She took pictures of what she wanted.
    The hairstylist was new.
    Donna left with a short bob.
    She was devastated and cried for a week.

Question 2: Given that story B happened, please check all the descriptions that also happened (story B
implies descriptions).
That is, check all descriptions that are valid summaries of story B

  Description 1 (same as above): Someone went to get a haircut and it didn't go as anticipated.

  Description 2 (same as above): A girl went for a haircut. She was disappointed with the result.

  Description 3 (same as above): A woman got a new haircut.

  Description 4 (same as above): A person went to get a haircut. At the end of the day, she was disappointed with the result.

  Description 5 (same as above): A girl went for a haircut. She was not happy with the result.

  Description 6 (same as above): A person underwent a hair cut. The result was a short, unattractive hairstyle.

  Description 7 (same as above): A person went for a haircut and was disappointed with the result.

  Description 8 (same as above): A girl went to get her hair cut. She was disappointed with the result.

  Description 9 (same as above): A person had a hair cut but it was too short.

  Description 10 (same as above): A lady went to get her hair cut. At the end of the day, she was very happy with their choice.

 

Optional
Additional comments:

​ ​

Task Instructions (Click to expand)

Summarization Verification (Question 1 and 2):

To our question "Given that story A happened, please check all the descriptions that also happened.", you should select the descriptions that are summaries of the story (i.e.,
The story implies the description and the description does NOT contain some text that are irrelevant or contradictory to the story).
You should NOT select a description if the description contains typos (e.g., job -> jog or hate -> hat) or the readers might not understand the description. However, you can
still select a description if the description contains some minor grammartical errors (e.g., tense difference) and/or does not include the important parts of the story (i.e., the
description is not a very good summary).
If none of the option is checked, please write "None" in the comment.

 

Examples:

We only show two descriptions in each example, but you might see more in the actual tasks
Example 1:
Story A

Tennis

Peter was playing tennis with his dad.
At first he thought tennis looked easy.
But then he began to play!
Peter swung and swung, but he missed every ball.
He realized tennis was a lot harder than he'd thought.

Story B

Match

Kya was playing tennis with her mom.
At first she was winning.
But then her mom started winning easily!
Kya saw that her mom had just been letting her win.
In truth, her mom was much better than her!

 
The description 1: Someone was playing tennis with his/her parent and thought he/she is good at playing tennis.

The description 2: Someone felt embarrased in a tennis court because he/she is not as good as he/she thought he/she is.

Question 1 (Descriptions -> Story A?): Both descriptions are summaries.

Question 2 (Descriptions -> Story B?): Both descriptions are summaries.

Example 2:
Story A

The battle

A barbarian was walking through the woods one day.
He noticed a foreign tribe by his tribe's river.
He ran home and warned his fellow tribesman.
They ran over to the foreigners and engaged in combat.
The other tribe fled and the barbarian and his tribe went home.

Story B

The tough battle

A general and his men were surrounded in a fort.
The enemy army began to break down the doors.
The general and his men fought the soldiers off as hard as they could.
Suddenly, an airplane flew overhead and the enemy army began to run.
The general's reinforcements arrive and the day was saved.

 
The description 1: A leader and soldiers successfully defended an invasion from their enemies in a battle.

The description 2: A leader and his followers won a battle.

Question 1 (Descriptions -> Story A?): Only description 2 is a summary (they might not be soldiers and the other tribe might not invade their territory).

Question 2 (Descriptions -> Story B?): Both descriptions are summaries.

 

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment. We will provide more working opportunities to those workers who can judge correctly.

 

Figure 17: Our task of verifying the generated common
summaries

You would be given two sets of statements. Please write a specific common hypothesis for the selected two statements and indicate the relation between the hypothesis and all
statements.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminders
If you have already seen the set A and set B before, please skip the HIT until you find the unseen set A and set B.
Your hypothesis should NOT be a paraphrase of the chosen statement A and your hypothesis should NOT be a paraphrase of the chosen statement B
Your responses will be examined manually by the requester or judged by other workers.

We estimate that each task will take around 3-6 minutes (not including reading the instruction). If you often require less than 3 minute to complete the task, you might want to answer
the questions more carefully.

Task 1: Select one statement in each set
We recommend to start from specific statements.

Set A

  Statement A1: Some acquaintances came up with the idea of going to the
zoo together to see the animals and share some fun.

  Statement A2: Someone decided to visit the zoo with others, and they
enjoyed their time exploring and seeing the animals together.

  Statement A3: A family had a fun day at the zoo together.

  Statement A4: A family had a fun day out at the zoo.

  Statement A5: A family had a fun trip together.

Set B

  Statement B1: A caretaker takes at least one child to the zoo and they have
a great time.

  Statement B2: At the zoo, an adult and at least one child experience a
pleasant day.

  Statement B3: A child had a great time at the zoo.

  Statement B4: A person had a great time at the zoo.

  Statement B5: A family had a fun day at the zoo.

Task 2: Write a specific common hypothesis
What you write needs to be implied by the chosen statement A and the chosen statement B.

 

Task 3: indicate the relation between each statement and your specific common hypothesis.
The chosen statement A needs to imply ('->') hypothesis and the chosen statement B needs to imply ('->') hypothesis.

If their relations are paraphrase ('=') or other ('X'), please revise your answers on the above two tasks.

Set A

Statement A1:
Some acquaintances came up with the idea of going
to the zoo together to see the animals and share
some fun.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement A2:
Someone decided to visit the zoo with others, and
they enjoyed their time exploring and seeing the
animals together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement A3:
A family had a fun day at the zoo together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement A4:
A family had a fun day out at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement A5:
A family had a fun trip together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Set B

Statement B1:
A caretaker takes at least one child to the zoo and
they have a great time.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement B2:
At the zoo, an adult and at least one child experience
a pleasant day.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement B3:
A child had a great time at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement B4:
A person had a great time at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

Statement B5:
A family had a fun day at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
 

 

Optional
Additional comments:

Submit  

​ ​

Task Instructions (Click to expand)

You would be given two sets of statements: set A and set B.
The task 1 is to select one statement in set A and one statement in set B.
The task 2 is to write a specific common hypothesis for the selected two statements.
Finally, the task 3 is to indicate the relation between each statement and your specific common hypothesis (paraphrase, implication, or other).

Task 1: Which statements I should select?
1. We recommend to start from the most specific statements in each set.
2. We want our common hypothesis task 2 to

be more general than the statement A and B.
be as specific as possible.

3. If you find the it is hard to achieve the above two goals using the most specific statements, change your selection(s) until the goals could be achieved.
Task 2: Meaning of the Specific Common Hypothesis

Commonness: Your hypothesis should be implied by the chosen statement A AND implied by the chosen statement B at the same time. That is, your hypothesis should not
include anything that is only true in one of the statements.
Specificity: Your hypothesis should try to include all the common facts that you can find and shared by both statements. The hypothesis would become more specific as you
include more facts.
Please try to use the same grammartical tense as the original statement. If one of the statements uses the past tense and the other statement uses present tense, you could
also use the past tense.

Task 3: Labeling the Relations

If the hypothesis and the statement mean the same thing, please label the statement equals to ('=') the hypothesis. Otherwise, if the hypothesis happens given the statement
happens, please label the statement implies ('->') the hypothesis. If the hypothesis mentions something that is not mentioned in the statement, please label other ('X').
The statements you selected in task 1 must imply ('->') the hypothesis.

Example:

Candidates for Statement A

A1. Someone was playing music in their home and the volume was too
loud.
A2. A girl's music was so loud that others could hear.
A3. Someone had an experience with a loud music playback.
A4. Someone had an experience with their music being too loud.
A5. Someone listened to music that was way too loud.

Candidates for Statement B

B1. A girl's music was too loud and annoying others.
B2. Someone had an experience with a loud music player.
B3. Someone was complaining about the volume of their music and
found a way to turn it down.
B4. An incident of loud music bothers someone.
B5. Someone listened to music on their computer at night and found the
volume too high.

 
Task 1 Selected Statement A: A1. Someone was playing music in their home and the volume was too loud.

Task 1 Selected Statement B: B5. Someone listened to music on their computer at night and found the volume too high.

Task 2 Specific Common Hypothesis: ✅ Someone's music was too loud.

❌ Someone had a music-related experience. (too general)

❌ A girl's music was too loud (too specific because statement A1 and statement B5 did not mention someone is a girl)

❌ Someone played music in their home or on their computer. (The statement A1 did not mention on their computer and the statement B5 did not mention in their home)

Task 3 Relation to Statement A: A1. Someone was playing music in their home and the volume was too loud. -> (implication) Someone's music was too loud.
A2. A girl's music was so loud that others could hear. -> (implication) Someone's music was too loud.
A3. Someone had an experience with a loud music playback. X (other) Someone's music was too loud.
A4. Someone had an experience with their music being too loud. = (paraphrase) Someone's music was too loud.
A5. Someone listened to music that was way too loud. -> (implication) Someone's music was too loud.

Task 3 Relation to Statement B: B1. A girl's music was too loud and annoying others. -> (implication) Someone's music was too loud.
B2. Someone had an experience with a loud music player. X (other) Someone's music was too loud.
B3. Someone was complaining about the volume of their music and found a way to turn it down. -> (implication) Someone's music was too loud.
B4. An incident of loud music bothers someone. = (paraphrase) Someone's music was too loud.
B5. Someone listened to music on their computer at night and found the volume too high. -> (implication) Someone's music was too loud.

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment.

Figure 18: Our task of writing common hypotheses



You would be given two sets of statements. Please label the relation between each statement and a specific common hypothesis (paraphrase, implication, or other).

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminders
Please pay attention to the specificity of the people. For example, "a girl plays piano" implies "someone plays piano", but "someone plays piano" does NOT imply "a girl plays
piano".
Your responses will be examined manually by the requester or judged by other workers.
If you are A14W0AXTJ3R19V or you have already seen the set A and set B before, please skip the HIT until you find the unseen set A and set B.

We estimate that each task will take around 1-2 minutes (not including reading the instruction). If you often require less than 1 minute to complete the task, you might want to answer
the questions more carefully.

 

Indicate the relation between each statement and the specific common hypothesis.
Set A

Statement A1:
Some acquaintances came up with the idea of going
to the zoo together to see the animals and share
some fun.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement A2:
Someone decided to visit the zoo with others, and
they enjoyed their time exploring and seeing the
animals together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement A3:
A family had a fun day at the zoo together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement A4:
A family had a fun day out at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement A5:
A family had a fun trip together.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Set B

Statement B1:
A caretaker takes at least one child to the zoo and
they have a great time.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement B2:
At the zoo, an adult and at least one child experience
a pleasant day.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement B3:
A child had a great time at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement B4:
A person had a great time at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

Statement B5:
A family had a fun day at the zoo.

 = (paraphrase)      -> (implication)      X (other)
   

Hypothesis:
A family had a fun day at the zoo together.

 

Optional
Additional comments:

Submit  

​ ​

Task Instructions (Click to expand)

You would be given two sets of statements: set A and set B. The task is to label the relation between each statement and a specific common hypothesis (paraphrase, implication,
or other).

Labeling the Relations

If the hypothesis and the statement mean the same thing, please label the statement equals to ('=') the hypothesis. Otherwise, if the hypothesis happens given the statement
happens, please label the statement implies ('->') the hypothesis. If the hypothesis mentions something that is not mentioned in the statement, please label other ('X').

Example:

Candidates for Statement A

A1. Someone was playing music in their home and the volume was too
loud.
A2. A girl's music was so loud that others could hear.
A3. Someone had an experience with a loud music playback.
A4. Someone had an experience with their music being too loud.
A5. Someone listened to music that was way too loud.

Candidates for Statement B

B1. A girl's music was too loud and annoying others.
B2. Someone had an experience with a loud music player.
B3. Someone was complaining about the volume of their music and
found a way to turn it down.
B4. An incident of loud music bothers someone.
B5. Someone listened to music on their computer at night and found the
volume too high.

 
Task 3 Relation to Statement A: A1. Someone was playing music in their home and the volume was too loud. -> (implication) Someone's music was too loud.
A2. A girl's music was so loud that others could hear. -> (implication) Someone's music was too loud.
A3. Someone had an experience with a loud music playback. X (other) Someone's music was too loud.
A4. Someone had an experience with their music being too loud. = (paraphrase) Someone's music was too loud.
A5. Someone listened to music that was way too loud. -> (implication) Someone's music was too loud.

Task 3 Relation to Statement B: B1. A girl's music was too loud and annoying others. -> (implication) Someone's music was too loud.
B2. Someone had an experience with a loud music player. X (other) Someone's music was too loud.
B3. Someone was complaining about the volume of their music and found a way to turn it down. -> (implication) Someone's music was too loud.
B4. An incident of loud music bothers someone. = (paraphrase) Someone's music was too loud.
B5. Someone listened to music on their computer at night and found the volume too high. -> (implication) Someone's music was too loud.

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment.

(a) Verifying the written common hypotheses

You would be given pairs of statement and hypothesis. The task is to choose the relation between each statement and a hypothesis from 3 options: paraphrase, implication, and other.

If this is the first time you've accepted this HIT, please read the task instructions by clicking the blue box above ↑ before labeling.

Important instruction reminders
Please pay attention to the specificity of the people. For example, "a girl plays piano" implies "someone plays piano", but "someone plays piano" does NOT imply "a girl plays
piano".
If you do not understand the meaning of the hypothesis or the statement, label other ('X'). If the hypothesis or the statement has a major grammar error, label other ('X').
Your responses will be examined manually by the requester or judged by other workers.

We estimate that each task will take around 2-3 minutes (not including reading the instruction). If you often require less than 2 minute to complete the task, you might want to answer
the questions more carefully.

 

Indicate the relation between each statement and the specific common hypothesis.
Statement 1:
Someone experienced a fire from a discarded
lighter.

 = (paraphrase)      -> (implication)      X (other)    

Hypothesis 1:
Someone had an experience with something
that caught on fire.

Statement 2:
Someone experienced a fire from a discarded
lighter.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 2:
Someone had a lighter go up in flames.

Statement 3:
Someone was able to watch a season of a TV
show and still be awake for the next day.

 = (paraphrase)      -> (implication)      X (other)    

Hypothesis 3:
Someone was able to watch a show and wake
up the next day.

Statement 4:
Someone was able to watch a season of a TV
show and still be awake for the next day.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 4:
Someone enjoyed a show on TV

Statement 5:
Someone owns a store and has grown it
significantly over the years to become a big
company.

 = (paraphrase)      -> (implication)      X (other)    

Hypothesis 5:
Someone decided to open a new business and
built a success.

Statement 6:
Someone owns a store and has grown it
significantly over the years to become a big
company.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 6:
Someone has a store that has grown.

Statement 7:
A person had a frightening experience on a
frozen body of water.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 7:
A person did not enjoy their experience.

Statement 8:
A person had a frightening experience on a
frozen body of water.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 8:
A person didn't enjoy their experience.

Statement 9:
A person was shot and killed while he was
trying to buy a car. A person was identified as
the main suspect in the case.

 = (paraphrase)      -> (implication)      X (other)    

Hypothesis 9:
A person was shot and killed in a vehicle
accident.

Statement 10:
A person was shot and killed while he was
trying to buy a car. A person was identified as
the main suspect in the case.

 = (paraphrase)      -> (implication)      X (other)    
Hypothesis 10:
A person was killed.

 

Optional
Additional comments:

Submit  

​ ​

Task Instructions (Click to expand)

You would be given pairs of statement and hypothesis. Your task is to judge whether each statement and a hypothesis have paraphrase, implication, or other relation.

Labeling the Relations

If the hypothesis and the statement mean the same thing, please label the statement equals to ('=') the hypothesis. Otherwise, if the hypothesis happens given the statement
happens, please label the statement implies ('->') the hypothesis. If the hypothesis mentions something that is not mentioned in the statement, please label other ('X').
If you do not understand the meaning of the hypothesis or the statement, label other ('X'). If the hypothesis or the statement has a major grammar error, label other ('X').

Example (The hypotheses could be different in an actual task):

1. Someone was playing music in their home and the volume was too loud. -> (implication) Someone's music was too loud.
2. A girl's music was so loud that others could hear. -> (implication) Someone's music was too loud.
3. Someone had an experience with a loud music playback. X (other) Someone's music was too loud.
4. Someone had an experience with their music being too loud. = (paraphrase) Someone's music was too loud.
5. Someone listened to music that was way too loud. -> (implication) Someone's music was too loud.
6. A girl's music was too loud and annoying others. -> (implication) Someone's music was too loud.
7. Someone had an experience with a loud music player. X (other) Someone's music was too loud.
8. Someone was complaining about the volume of their music and found a way to turn it down. -> (implication) Someone's music was too loud.
9. An incident of loud music bothers someone. = (paraphrase) Someone's music was too loud.
10. Someone listened to music on their computer at night and found the volume too high. -> (implication) Someone's music was too loud.

Notice:

If you have any additional comments or some suggestions to the requester, please use the field for additional comments at the bottom.
Your responses will be examined manually by the requester and/or judged by other workers. The reviewing might take some time, so you might need to wait for several days
to get the payment.

(b) Verifying the generated hypotheses

Figure 19: Our task of verifying hypotheses


