














specifying before- and after-relationships between

the start and end times of each episode.

Much like the argument co-reference resolution

done in Section 3.4.3, we solve this with a tem-

poral multi-graph. To build the graph, we further

simplify the temporal model by assuming that step

episodes never overlap and are defined solely by

their start times. This assumption is desirable for its

simplicity and computational efficiency, and suit-

able because the current version of the EL parser

makes the same assumption. However, this algo-

rithm could, in theory, be extended to operate on

both start and end times.

We define the temporal multi-graph GT =
(V T , ET ) such that the vertices V T are the start

times of each step in the merged, general schema,

and, for all steps i and j in the general schema,

one edge exists between each V T
i and V T

j for each

occurrence of an instance of V T
i happening before

an instance of V T
j in the same un-merged schema.

Similarly to how edges were assigned weights in

the argument co-reference graph based on the ratio

of the number of edges to the number of possible

edges, we say that, in the general schema, step i

happens before step j if and only if:

|ET
i,j | >

|S(i) ∩ S(j)|

2

Informally, step i happens before step j if and only

if the majority of un-merged schemas that con-

tain both also have a happens-before edge between

them.

3.4.5 Occurrence Frequency Filtering

Recall that the idea behind latent schema sampling

is to filter out events that are unimportant to a

core schema by exploiting their low frequency of

generation by a large language model. Therefore,

to finish our general schema, we must finally re-

move general steps that do not occur in enough of

the N sampled schemas to distinguish themselves

from ªnoiseº. We currently define this threshold

for ªenoughº as N
3

: at least one third of sampled

schemas must contain an instance of a general step

for the step to remain in the general schema.

3.5 Verbalization and Rendering

Once finalized, we post-process learned general

schemas for human readability. To verbalize the

formal ELF representations of the schema steps,

we first apply rule-based transductions to serialize

the formula’s lexical EL predicates into a pseudo-

English representation. Then, using a pre-trained,

fine-tuned, 774M-parameter GPT-2 model (Rad-

ford et al., 2019), we convert these pseudo-English

symbol sequences into proper English. Using

the Huggingface Transformers library (Wolf et al.,

2020), we fine-tuned this GPT-2 model on 1,200

pairs, manually annotated by a research assistant,

for this task 2.

After verbalizing the steps, we render the general

schemas into an HTML representation for human

review, automatically color-coding the variables

with maximum mutual contrast for enhanced read-

ability. An example of a verbalized and rendered

schema is shown in Figure 2.

4 Future Evaluation

This project is a work in progress; although NESL

can generate one general schema every 10 minutes,

and has generated several hundred to date, qualita-

tive evaluation of the generated schemas has not yet

been performed. Imminently, we intend to carry out

two human-judged studies: one evaluating the qual-

ity of inferences generated by the learned schemas

when given unseen stories, and another evaluating

the quality of the schemas themselves.

Logical schemas enable consistent, structured,

and interpretable inferences about novel text, by

matching pieces of the text to pieces of the schema,

replacing schema variables with entities from the

story, and treating other formulas in the schema

that use those newly-filled variables as inferences.

It is crucial that we demonstrate the inferential ca-

pacity of these learned schemas, and as future work,

we will be sourcing suitable inference datasets, de-

signing a means of presenting inferences to human

judges, and collecting quality evaluations.

In addition to inferences, we would like to eval-

uate whether the schemas we obtain are both top-

ically cohesive, i.e., focused descriptions of one

kind of situation; and interesting, i.e., capable of

generating useful and novel inferences about situa-

tions, rather than obvious or redundant ones.

Using our GPT-2 verbalization model and

schema rendering software, described in Sec-

tion 3.5, to make our schemas and inferences read-

able to untrained human judges, we intend to imme-

diately move forward with the design and execution

2Our work on GPT-2 for formula verbalization is prelim-
inary; as we continue this work, a more robust annotation
protocol may be required, employing multiple annotators.

339



of these quality evaluation studies to complete the

work.

5 Conclusion

We have described NESL, a hybrid neural and

formal-logical schema learning system with which

we aim to combine a richly structured schema rep-

resentation, a human learning-inspired approach to

schema acquisition, the linguistically flexible sen-

tence understanding characteristic of neural NLP

systems, and the large amount of knowledge con-

tained in large language models.

By bringing a large and varied number of com-

ponents from across the literature to bear, we have

shown that general, semantically rich, and seem-

ingly sensical schemas may be extracted from large

language models and represented interpretably. In

the immediate future, we also plan to demonstrate

that these schemas are useful for inference tasks.
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He milked the cow.

He went back to bed.

Core story schemas:

farming

milking a cow

--------

Story:

My son is a little child.

He ran outside to play.

His friend was out there with him.

They played together with sticks.

My son came in from outside.

Core story schemas:

children playing

playing with a friend

playing outside

--------

Story:

I went to my door yesterday.

I saw there was a new book.

It came right to me.

I was pretty happy about that.

I couldn’t wait to read it.

Core story schemas:

getting mail

reading a book

--------

Story:

The hedge started to grow.

Spring came around.

The hedge started to bud flowers.

The flowers grew.

The roses were very beautiful.

Core story schemas:

springtime

plants growing

--------

Story:

%s

Core story schemas:
� �

B.2 Story Generation Prompt

This is the story generation prompt provided to

GPT-J to obtain a story given a topic as input. The

format string at the end, %s, is replaced with the

input topic, and a completion from the language

model is truncated at a double-newline to obtain

a story. The prompt stories were written by re-

search assistants and chosen based on subjective

downstream schema acquisition quality on a de-

velopment set of schema topics estimated from

ROCstories.
�

Stories about baseball:

Tom loved playing baseball.

He had a big game.

He was up to hit.

He hit a long drive.

He made a run and won the game.

Bob went to see a baseball game.

The players had nice bats.

The players swung at the ball.

One player hit the ball.

He hit a home run.

Jenny was playing baseball.

She took a bat and got ready.

She swung her bat at the ball.

She hit the ball.

She won the game.

--------

Stories about showers:

The man took a shower.

The hot water went cold.

He still had soap in his hair.

He washed his hair quickly.

He was shivering when he got out of the

shower.

Jenny took a shower.

She used soap to wash her body.

She washed her hair.

The water was warm.

She dried off with a towel.

Jack was dirty.

He needed to get clean.

He took a long shower.

The shower water was very hot.

He used plenty of soap.

--------

Stories about plants:

Jessie loved plants.

She had plants in her apartment.

She watered the plants every day.

Her favorite plant was her fern.

Jessie wanted to buy more plants.

Alan bought a plant at the store.

The plant died.

He bought another plant.

He watered it.

It didn’t die.

Plants are usually green.

Some plants are different colors.

Sometimes people keep plants in their

houses.

They water those plants.

People like plants.

--------

Stories about school:

Emma went to school.

She studied math.

She ate lunch.
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Her teacher gave her a lot of homework.

Later, she went home.

Jason was at school.

He ate lunch in the cafeteria.

After lunch, he went to class.

His teacher taught him about math.

He went home and ate dinner.

Abhishek loved to go to school.

His teacher gave him fun homework.

He finished his homework and gave it

back to the teacher.

The teacher said Abhishek did a good job

.

The teacher gave him a good grade.

Stories about %s:
� �
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