
Understanding Story-Level Analogy

Contact: Dr. Daniel Bauer
bauer@cs.columbia.edu

1 Introduction

Analogy is a defining feature of human cognition
(Gentner, 1989; Hofstadter and Sander, 2013), al-
lowing us to make sense of new stimuli and ideas
by mapping them to past experiences. For example,
a young child might say "Look, I undressed the
Banana". In NLP, analogical reasoning has mostly
been explored at the level of simple word level
analogies (Mikolov et al., 2013; Gladkova et al.,
2016; Ushio et al., 2021).

Apple : Tree :: Grape : Vine
(Apple is to Tree, as Grape is to Vine).

A more challenging example are cross-domain (far)
analogies:

Key : Lock :: Solution : Riddle

More complex analogies have received less atten-
tion. We are interested in system analogies be-
tween pairs of short narratives. For example, con-
sider the following narratives:

Story 1: Bob designed a well-organized project
management spreadsheet and shared it with his col-
leagues. Jack changed the formulas and redesigned
the charts. When Bob looked at the spreadsheet
again, it was unusable.

Story 2: Marsha was cooking dinner for the
night. She seasoned the food and left the room.
Her husband walked into the kitchen and saw the
food on the stove. He tasted it and added salt.
When Marsha walked back into the room, she re-
membered that she forgot to season the food, so she
added salt. The food was too salty and they had to
order pizza that night.

The two stories both describe a similar scenario
in which multiple characters manipulate something,
each with the intention of improving it, and end

up ruining the result (matching the proverb "Too
many cooks spoil the broth" – another analogy).
Notably, the two stories take place in a different
domain, but the characters and other elements map
to each other to form the analogy (Bob ↔ Marsha,
colleague ↔ husband, spreadsheet ↔ food, chang-
ing formulas and redesigning charts ↔ adding salt,
etc.). The various elements participate in a system
of interactions, which is mapped between the two
stories.

Large language model excel at detecting and
generating word level analogies,but even the best
models seem to struggle with far (cross-domain)
system analogies. In this project, we will explore
different approaches to understanding and possibly
generating story level analogy.

2 Data

Jiayang et al. (2023) develop the STORYANALOGY

dataset, which includes 24.000 story pairs ("The
virus invades cells. As a result, their DNA is dam-
aged." ↔ "The burglar breaks into the house. As
a result, the valuables inside are smashed."). The
data is generated using LLMs on existing data sets
(either stories or word analogies) and a number of
manually created seed stories. Crowdsource work-
ers filter the strength of the analogy and rate the
strength of the analogy (on two axes: attribute sim-
ilarity and relational similarity. They compute a
final analogy score from these two values). Using
this dataset, Jiayang et al. propose two different
tasks: Predicting the analogy score and selecting
the best analogy from a set of candidates (a multi-
ple choice problem).

Sourati et al. (2024) introduce the Analogical
Reasoning on Narratives (ARN) benchmark, which
contains 1096 triples of the form (Q, A, N), where
Q is a narrative, A is an analogous narrative, and N
is a non-analogous narrative (distractor). The task
is to classify which of the two candidate narratives
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is the analogy. The stories tend to be longer and
more complex than in the STORYANALOGY data.
Consider, for example, the following additional
story.

Story 3: The woman worked as a teacher but
took out loans to buy an expensive mansion and
two fancy cars for herself. She bought designer
clothing and fancy things. Eventually she went
bankrupt because she couldn’t afford the things
she was buying on her teachers wage, which was
only 40,000 a year.

The benchmark task would require a model to
select which of the two candidate stories (Story 2 or
Story 3) is analogous to Story 1. Both A and N can
be near or far analogies, resulting in four settings
(nn, nf, fn, ff). The data is balanced between these
settings.

3 Prior Results

Webb et al. (2023) evaluate the zero-shot perfor-
mance of GPT-3 on a small set of narratives from
(Gentner et al., 1993). While they identify analogi-
cal reasoning as a potential emergent property of
LLMs, they find that humans outperform LLMs by
a large margin, especially on far analogies.

Jiayang et al. (2023) evaluate a number of LLMs,
as well as sentence encoders on their dataset. For
the regression task (predicting analogy scores), they
find that LLMs do not perform well. Pre-trained
sentence encoders (using cosine similarity between
the encoded stories) are unable to capture analogy
even if they are relatively good at capturing textual
similarity. However, fine-tuning is useful on this
task. On the multiple-choice problem, they find that
LLMs struggle with the task of selecting analogous
stories (a 50% performance gab between human
and LLM performance), especially in the presence
of challenging distractors.

Similarly, Sourati et al. (2024) experiment with
various LLM baselines on their benchmark (see
above), using zero shot, few shot, and chain-of-
thought prompting. They find that humans achieve
accuracies of above 95%, while zero-shot and few-
shot prompting achieved below 70% (even with
the best available model, which was GPT-4.0). For
the chain-of-thought experiment, they instruct the
model to first extract the proverbial message from
the source story “Too many cooks spoil the broth”.

They report up to 30% improvement on far analo-
gies in this setting, though still below human perfor-
mance, and show limited benefit to near analogies
compared to the zero-shot setting.

4 Project Outline

The goal of this project is to explore various tech-
niques for analogy identification and possibly anal-
ogy generation. Following prior work you will
initially explore one of three approaches:

• fine-tuning sentence encoders using con-
trastive learning. The learning objective
would be to maximize the similarity between
query Q and analogous narrative A, while min-
imizing the similarity between Q and a non-
analogous distractor narrative N.

• Prompting based approaches, using LLMs
with chain-of-thought reasoning. One ap-
proach here might be to ask the model to first
identify the different elements of a narrative
(objects/participants, their attributes, and rela-
tions between them), and then judge analogy
based on this information.

• An approach based on explicit graph-based
representations of the narrative, such as in
Abstract Meaning Representation (AMR). We
can also experiment with fine-tuning LLMs.

Additionally, we are interested in approaches
to generating new analogies and potentially using
such artificial data to boost training. Finally, we are
especially interested in approaches that can explain
analogies.

5 Future work / Applications

Analogy plays an important role in science and en-
gineering, including computing, and maybe espe-
cially CS education. Consider common analogies
like "a function is like a machine that converts ar-
guments into return values", "algorithms are like
cooking recipes", or "recursive functions are like
a set of Russian nesting dolls". Future work could
explore generating analogies to better explain CS
concepts and provide student feedback as part of a
tutoring system or interpreting analogies used by
instructors and students. Analogy could also be
used trying to understand non-literal speech, such
as metaphor. Finally, analogy models could be used
to investigate similarities between folk tales from
different cultures (similar to the classifications in
the Aarne–Thompson–Uther Index of folk tales)
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6 Requirements

You should have completed COMS 4705 Natu-
ral Language Processing with a good grade. You
should have excellent Python programming skills
and be comfortable working with NLP data sets.
You should have some experience fine-tuning trans-
former models and/or working with LLMs.

If you are interested, please reach out to
bauer@cs.columbia.edu and mention relevant
coursework, past research experience, and profes-
sional experience (if applicable).
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