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Abstract

Experts in various fields routinely perform
methodical writing tasks to plan, organize, and
report their work. From a clinician writing a
differential diagnosis for a patient, to a teacher
writing a lesson plan for students, these
tasks are pervasive, requiring to methodically
generate structured long-form output for
a given input. We develop a typology of
methodical tasks structured in the form
of a task objective, procedure, input, and
output, and introduce DoLoMiTes, a novel
benchmark with specifications for 519 such
tasks elicited from hundreds of experts from
across 25 fields. Our benchmark further
contains specific instantiations of methodical
tasks with concrete input and output examples
(1,857 in total) which we obtain by collecting
expert revisions of up to 10 model-generated
examples of each task. We use these examples
to evaluate contemporary language models,
highlighting that automating methodical
tasks is a challenging long-form generation
problem, as it requires performing complex
inferences, while drawing upon the given con-
text as well as domain knowledge. Our dataset
is available at https://dolomites
—benchmark.github.io/.

1 Introduction

Experts in various fields regularly use writing as a
means for planning, organizing, and sharing their
work. For instance, a teacher might draft a lesson
plan for what they would like to teach in their
next class, and a lawyer might draft a patent appli-
cation for an invention. Experts generally follow
a consistent and methodical approach to conduct
these writing tasks. In the lesson plan example, a
teacher would know the lesson objectives, format,
and profile of the class, and would produce a plan

* Work done at Google DeepMind.

with the topics to be covered and activities to im-
prove learning. Importantly, the teacher follows
a systematic procedure to write this lesson plan,
using their expertise and what they know about
the current context (e.g., the class profile).

Across fields, from law to visual arts and en-
gineering, experts accomplish on a regular basis
such methodical tasks, i.e., writing tasks which
loosely follow a standard template for what is
usually given as input and what is required from
the output. These tasks often follow a structured
and consistent procedure as they are performed
regularly and tend to be fairly time-consuming,
taking from a few hours to several days (see
Figure 2). As large language models (LMs) be-
come more capable and widely accessible to a
more sophisticated set of users (Owens, 2023;
Mollick and Mollick, 2023; Lee et al., 2023;
Birhane et al., 2023; Mollick and Mollick, 2023;
Frankenreiter and Nyarko, 2022; Demszky et al.,
2023; Wang et al., 2023), they hold great potential
for assisting experts with methodical writing tasks,
increasing their efficiency and allowing them to
focus on complex problem-solving activities (Noy
and Zhang, 2023).

Given their potential for assisting experts, it
would be beneficial to evaluate language models
on a realistic set of methodical writing tasks. How-
ever, we currently do not have benchmarks that
contain a typology of such tasks. The most natural
source for such data would be query logs (Nguyen
et al., 2016; Kwiatkowski et al., 2019) or chat
histories (Zhao et al., 2023). However, these data
sources do not specifically reflect domain-specific
use cases and do not allow us to study specific use
cases in a controlled manner.

In this work, we bridge this gap by eliciting
519 methodical task descriptions (see a few ex-
amples in Figure 1) from 266 experts across 25
different fields (Section 3.1). These writing tasks
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Law

Biology

Medicine

*

Task Objective: Drafting a legal opinion on a
given matter

*

Task Procedure: The task involves
interpretating, analysing and writing a position
on a legal matter.

*

*

*

Task Objective: Developing a protocol for a toxicity
assay

Task Procedure: This task requires a brief explanation
of the assay to write, the choice and enumeration of
the materials needed and the a detailed step-to-step
description of the assay (how to analyze the

*

Task Objective: Writing physical therapy plan of
care documents.

Task Procedure: You will write the subjective,
objective, assessment, and plan portions of the plan
of care. Before doing this, you will need to
synthesize all the data before putting it all together.

Additional Notes: The legal opinion should
address each legal issue systematically. Best
practices include citing authoritative legal
sources and providing a balanced analysis of
potential outcomes.

*

perform.

¥

Input Sections:

*

* The matter details: a document describing B R

the specific case, the facts and
circumstances.

Applicable laws and regulations:
information about the laws, regulations,
and legal frameworks relevant to the
matter.

*

*

Output Sections:

*

Output Sections:

*

* Legal Opinion Document: a well-
structured legal document that analyses
the administrative matter, including an
introduction, a statement of the legal
issues, a discussion of relevant laws and
precedents, and a conclusion with legal
advice.

*

individuals and how to treat the data).

Additional notes: Must include at least a paragraph
on how to treat the data obtained, for example
explaining the suggested statistical analysis to

* Assay introduction: About 1-2 paragraphs stating
the objective of the protocol, establishing
endpoints to be assessed and briefly describing %
the species to be tested.

* Assay description: At least 2 paragraphs detailing
the conditions in which the test should occur.

Materials: Complete list of tools and materials
required to perform the assay.

Methods: List of numbered bullet points (length
might vary) explaining the steps to follow in order
to correctly assess the endpoints chosen. It
should be a precise guide on how to handle the
animals and how to collect the data.

*

Additional Notes: Missing context may be
information not gleaned from the history intake or
physical examination.

Input Sections:

* Subjective and objective: This information is
gleaned from patient medical/social history and
the physical examination. It is usually several
paragraphs and bullet points.

Output Sections:

* Assessment: This synthesizes the information
from the first section to develop a course of
action. This is typically one paragraph.

Plan: This lists all the different interventions
necessary or applicable for the plan of care. It is
usually bullet points for the various interventions.

Full Evaluation: This synthesizes all the
information from the previous sections. It is
usually 2-3 paragraphs long depending on the
complexity of the patient’s presentation. to
collect the data.

E3

*

*

Figure 1: A sample of methodical tasks from law, biology and medicine in DoLomiTEs. Each task in DoLOMITES
follows a standard template, containing a task objective, task procedure, additional notes about the task, and
finally, input sections that are usually expected for the task, and output sections that need to be produced as part
of the task. These tasks are instantiated with examples that represent plausible inputs and outputs for the task

(Section 3.4).
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* Task Objective: Developing
a protocol for a toxicity assay

* Task Procedure: This task
requires a brief explanation of
the assay to write, the choice ...

Instantiated Examples

“Input Sections**

**Assay Introduction:** This protocol
describes a toxicity assay designed to
assess the genotoxicity of a test
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Figure 2: DoLoMITES contains descriptions of 519 me-
thodical tasks elicited from domain experts across
various fields. We instantiate these tasks with examples
that contain plausible inputs and outputs, formulating a
challenging long-form generation problem that requires
domain expertise and structured problem-solving.

are formatted in a standard way, with a task pro-
cedure, input, and output. Further analysis with
an independent group of experts reveals that they
are indeed plausible (~76% of them are likely to
be conducted by an expert on a regular basis) and

most experts (~63%) would find it useful if they
could use a capable Al model as a writing assistant
(Section 3.3). Our tasks serve as the first collection
of realistic use cases of experts spanning multiple
domains.

To evaluate the ability of existing models to
assist experts with these tasks, we collect examples
(see Figure 2), where we instantiate each task
with plausible inputs and outputs (Section 3.4).
Examples are created semi-automatically: We first
retrieve Web documents that could potentially
serve as samples of the task, and then generate
an example using a language model based on the
retrieved web documents. These examples are then
significantly post-edited by the same experts (who
contributed the task) for improving adherence to
the task description, factual correctness, and level
of detail.

We use our benchmark, called DoLoMmiTES
(short for Domain-Specific Long-Form Method-
ical Tasks), to evaluate current models in their
ability to generate accurate and detailed outputs
(Section 4). We formulate the modeling problem
as long-form generation, where models are pro-
vided the task description and the example input
and asked to generate the example output. Our
experiments reveal that there is significant head-
room in improving performance on methodical



tasks (Section 5) which are inherently difficult (re-
quiring reasoning skills and domain-knowledge),
and in terms of improving automatic evaluation of
long-form text. In addition to well-known short-
comings (Schluter, 2017; Krishna et al., 2021),
conventional metrics are not designed to capture
expert knowledge.

We hope that DoLOMITES can serve as a reference
for domain-specific use cases of language models
and provide a means for evaluating future models.
We release our dataset and code at https://
dolomites—benchmark.github.io.

2 Problem Formulation

In this section, we first describe the types of writ-
ing tasks considered in this work. We refer to these
tasks as methodical writing tasks due to two prop-
erties that are common to their execution. Firstly,
each task requires structured problem-solving,
where the task follows a specific order where each
step logically flows from the previous ones. For
instance, in the Medicine task in Figure 1, the task
requires producing an assessment of the patient,
then a plan of care and finally a full evaluation
of the patient. Secondly, every task usually fol-
lows a consistent execution across inputs, where
there is a standard specification of the input, the
output and the procedure for the task. In the same
Medicine task, given a patient’s subjective and
objective data, the task structure and procedure
would mostly stay consistent across patients.

To elicit descriptions of tasks from experts,
we operationalize our definition of a methodical
task into a standard template (see Figure 1 for
examples). We require that every task contains a
brief task objective, a task procedure walking a
beginner through how this task is conducted, input
and output sections, which include information
that is typically given, and information that needs
to be generated. Both input and output sections are
formatted in the form of section titles and section
descriptions. Finally, we collect additional notes
about the task, which can include best practices
or common mistakes, and missing context that is
important when conducting the task.

We further expect our tasks to meet the follow-
ing criteria: (1) they are purely textual and do
not involve other modalities in the input or output;
(2) they require domain expertise and can only
be completed by an expert; (3) they do not require
use of specific equipment or software, with the

exception of searching the Web; (4) they are fre-
quent, routinely performed by an expert at least
once every few months; and (5) time-consuming,
taking a significant but not indefinite amount of
time to complete (e.g., from a half hour to a few
days, but not several months).

Aside from task descriptions, our dataset con-
tains specific instantiations of methodical tasks
(see Figure 2). We create examples by populat-
ing descriptions like those shown in Figure 1
with plausible input and output sections (see
Section 3.4).

3 DoromrtESs: Data Curation

3.1 Task Collection

In our data curation process, we first collect a
typology of realistic tasks that span multiple fields.
These tasks are not meant to be exhaustive, but
instead represent realistic use cases across fields.

Participants. We recruit 266 participants from
the Prolific crowdsourcing platform. We recruit
experts from 25 different fields, shown in Table 1,
aiming for a broad coverage across disciplines.
Participants qualify as experts if they have for-
mal education in the field, and at least 3 years
of work experience. Additional details about
the participants’ backgrounds are provided in
Appendix A.

Annotation Task. We ask each annotator to
provide descriptions of two writing tasks they
routinely perform in their profession subject to
the criteria listed in Section 2. For each task,
annotators are asked to fill in predefined fields
(task objective, procedure, input and output sec-
tions, additional notes), the same way as shown
in Figure 1. We ask annotators to give thorough
descriptions as if they are teaching a novice how
to perform each task. Instructions and interface
screenshots are in Appendix A.

3.2 Task Analysis

After collecting the initial set of tasks, we filter
them manually to ensure they meet the criteria out-
lined in Section 2, and obtain a total of 519 tasks.
We find that there are very few tasks from a field
that are highly similar.

Table 1 provides the number of tasks across
fields and the task objective of a sample task
from each field. Most fields have at least 20 tasks,
with some exceptions, where we were not able to
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Field

Sample Task Objective

Anthropology (8)
Architecture (20)
Biology (21)
Business (26)
Chemistry (21)
Economics (17)
Education (23)
Engineering (22)

Environmental Sci (23

Geography (20)
History (22)
Hospitality (21)
Journalism (20)
Law (38)
Linguistics (20)
Literature (20)
Mathematics (15)
Medicine (24)
Music (23)
Philosophy (13)
Physics (21)
Political Sci (20)
Psychology (21)
Sociology (20)
Visual Arts (20)

A survey to examine specific cultural practices, rituals, and societal norms within a cultural group or community
Developing a construction phasing plan for a building project

Developing a protocol for a toxicity assay

Write a section of a non-financial report for a client, focusing on a company’s environmental and social activities
To write a retrosynthesis scheme/plan for a specific target molecule

Reviewing investment options for advising companies

To create a lesson plan for a school class

To write the instructions for conducting a radioactive experiment.

Writing the life cycle assessment of a system, product or process

Analyzing the environmental and social impacts of illegal mining activities in a specific region
Summarize and analyze a specific medieval legal code

Adapt existing recipes to cater to various dietary preferences

Write a news story based on an interview

Drafting a petition to challenge a decision

Carry out a short literature review of a given problem in linguistics

To write a research proposal for a presentation at a literary research conference

Writing an experimental setup suitable for testing a research hypothesis in applied mathematics
Writing a list of potential radiotherapy regimens for a cancer patient

Writing lyrics for a game’s soundtrack

Provide ethical recommendations for patient/doctor cases

Design specifications for a pump or turbine system

Redline a management measure / legislative policy

Writing a study protocol of a neuroimaging research project

Analyzing responses from sociological interviews to identify themes relevant to the research question
The objective of this task is to write a catalog entry for an art exhibition

Table 1: Fields represented in DoLomITES, with number of tasks in parentheses and a sample task from

each field.

recruit as many experts. Across tasks, there are
an average of ~2.78 sections in the input and
~?2.82 sections in the output. Collectively, tasks
in DoLoMITES are cognitively demanding and ver-
satile in the types of reasoning they require. For
instance, a diagnostic task in medicine requires in-
ductive reasoning to go from particular symptoms
to a general diagnosis. Whereas, in legal analysis,
deductive reasoning is required to reason about
how laws are interpreted in a specific case and
analogical reasoning is needed as lawyers com-
pare current cases with precedents. Similarly, in
software application design, abstract reasoning is
important while creativity is necessary for certain
tasks in the visual arts. While it is hard to de-
scribe the type of reasoning required for all tasks,
every methodical task essentially involves ana-
lyzing the input, making inferences based on the
input and domain-specific knowledge, and finally,
providing a justification in writing.

3.3 Task Validation and Societal
Implications

We validate our collection of tasks by consult-
ing an independent group of experts. Specifically,
we collect Likert ratings for each task from three

experts on the following axes (the precise descrip-
tion for each item on the scale is provided in
Appendix A):

o Representativeness: How likely is this task
to be conducted by an expert in your field?

e Complexity: How would you rate the
complexity of this task?

e Time Required: How much time is typically
required to complete this task?

e Usefulness: Would you or other experts find
it useful if an Al system were to propose
initial outputs for this task (which may be
lacking), that can be validated and improved
by experts?

The questions above are motivated by prior
work showing that Al writing assistants could
significantly benefit the productivity of experts
(Eloundou et al., 2024; Noy and Zhang, 2023;
Dell’ Acqua et al., 2023). Beyond productivity,
we were additionally interested in expert opinions
about the societal implications of using language
models as writing assistants. Hence, for each task,
we elicit answers to the following questions which



Representativeness Task Complexity Time Taken Usefulness
i >3 months 4 4.51%
Very likely 37.72% High | 30.64% Yes 62.28%
1-3 months 1 |6.37%
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Figure 3: We conducted validation of methodical tasks in the DoLomiTEs task collection by consulting an
independent group of 3 experts from the field to which the task belongs. Here we show the Likert distributions of
their ratings across various axes of importance. The question associated with each axis is listed in Section 3.3.

require a free-text response in addition to a Likert
rating.

Anonymity Required: Is it important to
ensure anonymity of any individuals or or-
ganizations if an Al system is used for
conducting this task?

e Biased Outcomes: Could relying on au-
tomatically generated outputs for this task
result in biased or potentially harmful
decisions for certain groups of people?

¢ Ethical Considerations: Are there ethical
considerations (e.g., privacy, copyright is-
sues) associated with the use of Al systems
for this task?

o Workforce Impact: Could partial automa-
tion of this task have an impact on the
workforce in the short term?

o Accessibility Requirements: Would the use
of Al tools for this task require mak-
ing exceptional considerations to ensure
accessibility?

The main outcomes of our validation study are
presented in Figure 3. We find that the tasks
collected in DorLomiTEs are ecologically valid,
i.e., they are likely (~76%) to be conducted
by field experts. Most of them are of medium
or high complexity, requiring moderate (a few

years of experience) or substantial (several years
of experience) expertise. While they are complex
tasks, judgments about time taken reveal that most
(~61%) would take an expert from 1 hour to 7
days to complete. This degree of difficulty sug-
gests that it is conceivable for language models
to be useful assistants for these tasks. Finally, an
overwhelming majority of experts would be inter-
ested (~62%) or open to trying (~32%) to use a
language model that proposes initial outputs for
the task.

With regard to the societal implications of lan-
guage model use, the need for anonymity emerged
as a concern for a significant number of tasks
(~58%). In fields like medicine, psychology,
and law, experts emphasized the importance of
protecting patient/client confidentiality. Similarly,
experts felt strongly that proprietary information
and trade secrets should be kept private in fields
like business. Experts further thought that using
language model responses without careful pe-
rusal can result in biased outcomes (~56% of
tasks) which could affect marginalized or un-
derrepresented groups. They also raised various
ethical concerns relating to copyright issues, pri-
vacy issues and stifling of human creativity due to
over-reliance on Al

Many experts (~43%) recognized that partial
automation of writing tasks is likely to impact the
workforce in the short term, potentially leading to
changes in job roles or skill requirements. At the



artspace.com,
metmuseum.org,
tate.org.uk,
artfund.org,
moma.org
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Figure 4: Here, we outline the method for constructing examples of tasks in DoLomiTEs. Using the task objective
for a task, we first generate more specific queries to search for relevant web documents, where we constrain our
search to authoritative domain names for the task. Using a set of retrieved evidence passages and the complete
task description, we then generate an example of the task that fits the task structure using a language model. This
example is then post-edited by the same expert who provided the task (further described in Section 3.4.2).

same time, they were optimistic that this would
improve productivity and bring positive changes
to the nature of the work. It is important to ensure
that users of all backgrounds and capabilities have
equal access to language models. A significant
number of tasks (~40%) were rated as requiring
exceptional considerations to be made for ensur-
ing accessibility to all users. Across fields, experts
highlighted that while language models as writ-
ing assistants can improve productivity, human
oversight is important for responsible use of these
technologies.

3.4 Example Collection

To evaluate language model capabilities in assist-
ing experts with their tasks, we create examples
of input and output sections with concrete de-
tails. We adopt a human-in-the-loop methodology,
where initial examples are generated by a model,
which are then post-edited by the same expert who
provided the task. We describe this process below.

3.4.1 Retrieval-Augmented Generation

We believe that samples of methodical tasks are
partially available in documents on the Web.
Hence, we retrieve relevant documents for each
task and generate examples by prompting models
with passages from these documents as context.
This process is depicted in Figure 4 and explained
below.

Query Formulation. Given a task description,
we first need to find more specific queries that
could potentially result in relevant Web docu-
ments. For example, for writing a catalog entry for
an art exhibition, search queries like ‘‘renaissance
art exhibition catalog entry’’ or *‘picasso guernica
catalog entry’’ are likely to result in documents

that contain examples of the task. To generate
search queries, we prompt Bard (Manyika and
Hsiao, 2023) (with 1 exemplar) with the task ob-
jective and instruct it to generate more specific
queries that can help find Web documents which
contain demonstrations of the task (Table 11 in
Appendix B). We generate 10 search queries for
each task and restrict search to reliable and author-
itative sources. These are collected by prompting
Bard (with 1 exemplar) with the task objective
to generate URLs to domain names which will
be useful to find real examples for the given task
(Table 12 in Appendix B).

Evidence Collection. Using each search query,
we gather the top-10 documents from Google
search restricted to relevant domains with the
site: operator in the query. Documents are then
split into passages of 4,000 characters with a 100
character sliding window.

Conditional Generation. Having gathered ev-
idence which may contain task demonstrations,
we generate examples by prompting models with
this evidence. We explore a multi-document set-
ting, where passages are sampled from multiple
documents and a single document setting, where
passages are sampled from a single document as
we found that the appropriate choice depends on
the task.! Passages are reranked using an in-house
reranker and the top-5 passages are provided as
context, along with the task description, to a large
language model (Gemini-Ultra (Team, 2023) and
Bard in our case), which is asked to generate an

!For instance, a task that requires drafting a legal opinion
might benefit from multiple relevant documents whereas a
single document might be sufficient for writing the catalog
entry for an artwork.



Structure Followed Level of Detail Factual Correctness

Definitely not{ 1.3% Definitely incorrect

No 15.1%
8.5% Probably incorrect
Not quite 5%

Unsure

To some extent 59.3%

Probably correct
Yes 84.9% v

Definitely 30.9% Definitely correct

0 20 80 100 0 20 80 100 0 20 80 100

40 60 40 60 40 60
Percentage (%) Percentage (%) Percentage (%)
Figure 5: Expert judgments of original examples along three dimensions: task structure followed (whether the
example includes all the input and output sections from the task description), level of detail (whether the example

shows a detailed and concrete sample of the task), and factual correctness (whether the example is factually

correct).

example of the task (Table 13 in Appendix B). Not
all information mentioned in the task description
is required to be present in the context and the
model is allowed to infill content to construct an
example. We generate up to 10 examples for each
task.

3.4.2 Expert Post-Editing

Even though they are based on retrieved Web
documents, model-generated examples could have
many issues. They may not adhere to the struc-
ture specified in the task description, they may
contain factual inconsistencies or inaccuracies,
lack in depth, or be vague. To remedy these is-
sues, we present the examples to the same experts
who wrote the tasks for post-editing. They are
asked to choose the most plausible example out
of four variants, and use single or multi-document
evidence.

Prior to post-editing, experts are asked to label
examples according to three criteria on a Likert
scale: adherence to task structure, factual correct-
ness, and level of detail. They are also shown
1) the evidence passages for the example and 2) a
critique (generated using Gemini-Ultra with the
prompt in Appendix B, Table 14) that may not be
comprehensive, to aid them in identifying issues
with the example. The critique is provided to make
post-editing more efficient. They are required to
fix any valid issues they recognize in the exam-
ple as well as any valid issues identified by the
critique.

3.4.3 Example Quality Analysis

Automatic Analysis. Expert judgments of au-
tomatically generated examples are shown in
Figure 5. We find that the majority of exam-
ples already follow the task structure (~85%) and

N-gram Overlap
= Bigram
== Trigram
= Four-gram

Histogram of Edit Distances

aaaaaaaaaaaaaa
Cosine Similarity

Figure 6: Histogram of (a) word-level edit distance be-
tween original and post-edited example and (b) cosine
similarities based on n-grams in post-edited examples
and evidence used as context.

Avg section  Flesch-Kincaid
presence %(T) Grade Level (1)
388.98 92.81 11.69
590.24 97.67 13.46

Avg Length

original
post-edited

Table 2: Statistics of the original and post-edited
examples in DOLOMITES.

most of them are probably or definitely correct.
However, a large number of examples are lack-
ing in depth and detail. We show a histogram of
the word-level edit distance between all tokens in
the original and edited example in Figure 6a and
relevant statistics of the original and post-edited
examples in Table 2. The histogram suggests that
on average, there are significant changes made to
the original examples during post-editing. Since
most experts judge that examples are lacking in
depth, the edited examples are expectedly much
longer on average. The edited examples also ad-
here better to the task description (on average,
97.67% sections in the task description are found
in the edited examples compared to 92.81% in
the original examples). We analyzed a random
set of 100 examples and labeled each example
with the type(s) of edits it contained. We found
broadly the following types of edits: fact ad-
dition (88%), fact deletion (20%), fact update
(65%), stylistic rewrites (76%), and reorganization



(23%). These edit types are described further
in Appendix A. Finally, we compute readability
scores of the examples as a noisy approximation
of the complexity and level of detail in the text, us-
ing the Flesch-Kincaid Grade Level test (Kincaid
et al.,, 1975). Higher readability values indicate
that a piece of text requires more formal edu-
cation and expertise to understand. We find that
post-edited examples have higher scores, possibly
indicating higher level of technical depth.

Data Contamination Analysis. Examples in
DoLomritEs are created by conditioning on pas-
sages from Web documents. We do not require
these documents to contain complete examples of
the task, and models are allowed to infill infor-
mation to create an example. However, if these
documents are seen by models during large-scale
pretraining, it might be difficult to conduct a clean
evaluation. We examine whether this is the case
by computing the similarity of the post-edited ex-
amples to the evidence passages provided during
generation. Figure 6b plots the cosine similarity
between the n-grams found in the post-edited ex-
amples and evidence used as context. As can be
seen, similarity to retrieved passages is fairly low
in most examples, which suggests a low risk of
memorization due to pretraining.

In addition, we check directly if text in our ex-
amples can be found in large pretraining corpora.
We use an open-source toolkit called WIMBD
(Elazar et al., 2024) to measure the presence of
text in generated examples in two large pretraining
corpora: C4 (Raffel et al., 2020) (364 million doc-
uments) and Dolma (Soldaini et al., 2024) (5,245
million documents). These corpora are widely
used to train large language models (Raffel et al.,
2020; Dodge et al., 2021; Chowdhery et al., 2023;
Groeneveld et al., 2024). We follow prior work
from Chowdhery et al. (2023) and determine an
example as contaminated if 70% of all possible
8-grams in the example were seen at least once
in the pretraining corpus. Conducting this pro-
cess for a random sample of 100 examples in
Dovrowmrtes, we find that none of the examples are
contaminated.

4 Experiments

4.1 Setup and Models

We create a development-test split for DoLomITES,
with 820 examples in the development (dev) set

and 1,037 examples in the test set. There are
172 seen tasks with examples in both dev and test
and 99 unseen tasks with examples only in the
test set.

For evaluation, we considered multiple perfor-
mant models from various companies as well
as open-source models. In all cases, we fa-
vored instruction-tuned variants because of their
better performance on other benchmarks. Specif-
ically, we report experiments with Claude-3
Opus (Anthropic), Command-R-Plus (Cohere,
2024), Gemini-1.5-Pro and Gemini-1.5-0409
(Team, 2024) and Gemini-Pro (Team, 2023),
GPT-3.5-Turbo and GPT-4 (OpenAl, 2023),
Mixtral-8x7B and Mixtral-8x22B (Jiang et al.,
2024) and Mistral-Large (Mistral, 2024), and
OLMo-7B-Instruct (Groeneveld et al., 2024). In
all cases, we prompt models with the task de-
scription, the input sections corresponding to an
example, and instruct them to generate the output
sections for the example, in a zero-shot manner.
Hyperparameters, prompts, and model identifiers
are in Appendix B.

4.2 Automatic Evaluation

4.2.1 LM-based Evaluation

LM-based Pairwise Evaluation. We consider
two modes of LM-based evaluation: pairwise
evaluation and fine-grained absolute evaluation
(illustrated in Figure 7). Language models are be-
ing increasingly used as evaluators ((Chiang and
Lee, 2023), and our primary evaluation also in-
volves using LMs as evaluators. However, recent
work points out that LM judgments can be mis-
leading and biased (Shen et al., 2023; Wang et al.,
2024; Zheng et al., 2023; Panickssery et al., 2024).
We use multiple language models as judges to
give preferences for a pair of model outputs. While
this does not alleviate the problem of biased LM
judgments, we believe it is slightly more reliable
since we are not biased by a single model’s judg-
ments. In all comparisons, we use one of the
strongest models, GPT-4, as the base comparison
model. We sample outputs on the test set from
a candidate model and GPT-4 (randomizing their
order in the prompt) and ask the evaluator model
to judge which output is better and provide a justi-
fication. We consider three models as evaluators:
GPT-4, Claude-3 Opus, and Gemini-1.5-0409. The
win rate is computed by summing up the number



Task Description Reference Example

Task Objective: Developing a protocol **Input Sections™
for a toxicity assay
Task Procedure: This task requires a
brief explanation of the assay to write,
the choice ...
Additional Notes: Must include at least
a paragraph on how to treat the data
obtained
Input Sections:
* Assay Introduction: About 1-2
paragraphs stating the objective of the
protocol ...
Output Sections:
* Assay Description: At least 2
paragraphs detailing conditions..
* Materials: Complete list of tools ...
and materials required to perform the

* Assay Introduction: This protocol describes a

of a test compound on **Drosophila
melanogaster** larvae. The primary endpoint

the larval brain cells, which are indicative of
chromosome damage and DNA fragmentation.

**Qutput Sections™*

* Assay Description: The **Drosophila

is conducted under controlled conditions ..
* Materials:
* Chemicals: Dimethyl sulfoxide ....

assay. * Equipment: Stereomicroscope ...
*

* Methods: List of numbered bullet
points (length might vary) explaining
the steps to follow in order to

5 compound in DMSO. Expose third-instar larvae
correctly assess the endpoints chosen.

to the test compound ...

toxicity assay designed to assess the genotoxicity

measured is the frequency of micronuclei (MN) in

melanogaster** larvae micronucleus (MN) assay

* Methods: Prepare a series of dilutions of the test

Pairwise Evaluation

Candidate 1 Candidate 2

Output Output Candidate 2
Output is
7"' better
Pairwise
Task Reference
Description  Output LM Evaluator

Fine-Grained Absolute Evaluation

Candidate
Output
%
LM

Evaluator

Task Adherence 4/5

Factual Correctness 4/5

Depth 2/5

Task Reference
Description Output
[irhg i Completeness 5/5

Coherence 5/5

Figure 7: Automatic evaluation protocol for DoLoMITES, involving two modes of evaluation: pairwise evaluation
of two candidate outputs and fine-grained absolute evaluation of a candidate output on our proposed axes.

of wins for a candidate model plus half the num-
ber of ties.

LM-based Fine-Grained Evaluation. In addi-
tion to preference judgments, we evaluate models
on five finer grained aspects of response qual-
ity: task adherence, factual correctness, depth,
completeness, and coherence.? We use GPT-4
to collect absolute ratings (on a scale of 1-5)
of individual model responses on each of these
aspects.

4.2.2 Other Evaluation Metrics

Round-Trip Factual Consistency. We also
measure the extent to which statements in the
model output are consistent with statements in
the reference output. We compute 1) forward en-
tailment considering a reference section as the
premise and the corresponding model section as
the hypothesis and 2) reverse entailment consid-
ering a model output section as the premise and
the corresponding reference section as the hypoth-
esis. Scores are aggregated over all sections and
examples. These metrics loosely capture the no-
tions of precision and recall, we also report the
harmonic mean of the two. We use the TRUE
model (Honovich et al., 2022) to predict entail-
ment scores (ranging from O to 1) and report 95%
confidence intervals. Note that this metric has
weaknesses, as it assumes that there is a single
valid reference for each example, which may not
be true for many examples in DOLOMITES.

These aspects of response quality are defined in Table 17.

Conventional Metrics. Prior work has recog-
nized that conventional metrics for text generation
are lacking in various ways (Liu et al., 2016;
Novikova et al., 2017; Krishna et al., 2021). Nev-
ertheless, for completeness, we report results with
ROUGE-L (Lin, 2004) and BLEURT (Sellam
et al.,, 2020). In addition, we report the aver-
age output length and average section presence
(i.e., the percentage of output sections speci-
fied in the task that are present in the generated
output, averaged across all examples) as a mea-
sure of instruction-following capabilities. Note
that the average length of reference outputs is
341.42 tokens.

5 Results and Discussion

Human Evaluation. To evaluate the reliability
of automatic metrics, we measure how well the
above automatic evaluation measures correlate
with human judgments. Specifically, we sample
200 pairs of model outputs, where each pair comes
from two randomly chosen models. We (the au-
thors) then label which model output is better (or
if they are tied) according to their task adher-
ence, factual correctness, and depth.3 On these
200 pairs, we also get automatic preference judg-
ments from all the evaluation measures discussed
in Section 4.2 (we convert float scores for two
outputs into binary judgments). The percentage
agreements between human labels (with and with-
out pairs with ties) and all evaluation measures

3Human agreement between two annotators was found to
be 75% on 100 examples when including ties.



Avg  Avg Section nli nli nli
bl Length Presence % HANILAE RSk (forward) (reverse) (h-mean)
Claude-3 Opus 417.41 91.53 0.4156 0.2395 0.3584().34,0.35) 0.3769(0.35,0.40)  0.3674
Command-R-Plus 440.44 92.92 0.4068 0.2134 0.3926(0.37,0.41 0.3623(9.310.35y  0.3768
Gemini-1.5-Pro 349.27 95.25 0.4136 0.2371 0.4065( 59, 0.427 0.3846(0.370.40)  0.3952
Gemini-1.5-0409 361.87 95.74 0.4068 0.2361 0.3994(0.58,0.427 0.3984[0.380.427  0.3989
Gemini-Pro 269.68 93.61 0.4124 02280  0.3415(39035 0.30900900335  0.3244
GPT-3.5-Turbo 240.89 88.98 0.4276 0.2309 0.3854(0.37,040) 0.2949(0.980.317  0.3341
GPT-4 407.35 95.46 0.4155 0.2271 0.3934(0.38,0.41) 0.3993(0.350.427  0.3963
Mistral-Large 327.12 92.61 0.4158 0.2390 0.3524(0.330377 0.3523[9.330.37  0.3523
Mixtral-8x22B 339.16 95.16 0.4212 0.2450 0.3951(9.38,0.41) 0.3583(9.34,0.377  0.3758
Mixtral-8x7B 386.61 88.39 0.4098 0.2266 0.3290(9.31,0.35)  0.3097[9.29,0.3359  0.3191
OLMo-7B-Instruct 78422 74.02 0.3905 0.1752 0.192910.180.217 0.1721pp.160.199  0.1819

Table 3: Results on the DoLomITES test set with standard metrics and factual consistency using NLI
models. We report 95% confidence intervals along with the average NLI scores.
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Figure 8: Percentage agreement of automatic evaluation
measures with human labels. Pairwise judgments from
Claude-3 Opus have the highest correlation with human
labels.

are in Figure 8. In summary, we find that
LM-based evaluation measures have the high-
est correlations with human judgments, fol-
lowed by the NLI measures and then ROUGE-L
and BLEURT. We note that an evaluator that al-
ways picks the longer output also has reasonable
agreement rates.

We first report overall statistics of model re-
sponses and scores using conventional metrics in
Table 3. Based on the average section presence,
we note that models are largely effective at gen-
erating almost all relevant output sections from
the task description. A few models (GPT-4 and
Gemini-1.5-0409) excel more at following this
instruction. Based on the NLI scores, we note
that the nli (reverse) scores are on average lower
than nli (forward), which suggests that generated
outputs contain statements not entailed by the
reference, e.g., because they are inaccurate or ir-
relevant. We observe that Gemini-1.5-0409 and
GPT-4 produce more information that is factu-
ally consistent with the reference, while Claude-3
and Command-R-Plus are also performant. Once
again, we note that reference-based metrics gener-
ally penalize outputs which are valid but different
from the reference, and there might not just be

Model GPT-4 Claude-3 Opus Gemini-1.5-0409
Claude-3 Opus 48.1 52.7 49.6
Command-R-Plus 34.4 458 38.7
Gemini-1.5-Pro 41.1 46.1 51.0
Gemini-1.5-0409 42.9 554 60.9
Gemini-Pro 17.6 21.0 22.1
GPT-3.5-Turbo 122 115 124
GPT-4 50.0 50.0 50.0
Mistral-Large 27.2 28.8 26.7
Mixtral-8x22B 21.6 25.1 17.6
Mixtral-8x7B 17.8 235 15.6
OLMo-7B-Instruct 4.2 5.5 33
Table 4: Model win rates (£3) against

GPT-4 on the DoLomITEs test set using three
LM-based autoraters (GPT-4, Claude-3 Opus, and
Gemini-1.5-PP). GPT-4’s win rate is 50% since it
is the base comparison model. Note that pairwise
judgments from Claude-3 Opus have the highest
correlation with human judgments.

a single reference for some of these examples,
especially when the task is more subjective.

Pairwise LM Evaluation Results. We show
the win rates according to different LM evalu-
ators in Table 4. Based on these win rates, we
note that a few models such as Claude-3 Opus,
Gemini-1.5-Pro, and Gemini-1.5-0409 prove to be
comparable to GPT-4. We also report win rates
with a length penalty for longer outputs in Table 7
and the overall rankings do not change.

Fine-Grained LM Evaluation Results. Fi-
nally, we show ratings of models according
to finer-grained aspects of response quality in
Table 5. The overall conclusions are roughly sim-
ilar, i.e., Gemini-1.5-0409, Claude-3 Opus, and
GPT-4 have the highest ratings across axes. Across
the axes considered in our rubric, models strug-
gle most with the level of technical depth of the
generated text.



Task Factual

Model Adherence Correctness Depth Completeness Coherence i Average Rating
Claude-3 Opus 4.57 4.73 4.36 4.54 4.84 \ 4.61
Command-R-Plus 436 457 4.17 435 473 4.44
Gemini-1.5-Pro 4.41 4.70 4.21 4.38 4.82 [ 4.50
Gemini-1.5-0409 4.49 4.71 4.30 4.46 4.83 : 4.56
Gemini-Pro 3.95 4.24 3.62 3.87 4.43 | 4.02
GPT-3.5-Turbo 3.90 4.34 3.37 3.73 4.36 ! 3.94
Mistral-Large 4.38 4.59 3.98 4.31 4.72 : 4.40
Mixtral-8x22B 4.23 4.47 3.83 4.18 4.60 [ 4.26
Mixtral-8X7B 3.99 4.23 3.64 3.94 4.36 : 4.03
OLMo-7B-Instruct 2.59 3.04 2.62 2.61 2.95 [ 2.76

Table 5: Results on the DoLoMITES test set along fine-grained aspects of response quality. All ratings are
performed on a scale of 1-5 by GPT-4-Turbo-Preview and we report average ratings across all examples
(all average ratings were found to be statistically different from the best model’s average ratings, which

is in this case, Claude-3 Opus).
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Figure 9: Heatmap of average ratings aggregated
by field for Claude-3 Opus, Gemini-1.5-0409, and
Command-R-Plus.

Results by Field. Figure 9 illustrates how model
performance fluctuates across fields; we show
average ratings based on the fine-grained LM eval-
uation for Claude-3 Opus, Gemini-1.5-0409, and
Command-R-Plus. Across models, we find that a
few fields have significantly lower average rat-
ings: Education, Sociology, and Chemistry. Tasks
from a subset of these fields are sometimes sub-
jective (e.g., Create a lesson plan to teach STEM
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Figure 10: Heatmap of average ratings of Claude-3
Opus aggregated by length (in tokens) of reference
output.

educators, Write a summary of findings about the
conclusions of a sociology book), which can make
them hard to evaluate. In other cases, outputs
can be lacking technical depth for tasks which
require more domain expertise (e.g., Drafting a
experimental protocol for a chemical synthesis
procedure.). On the other hand, tasks in fields
such as Literature, History, and Journalism have
higher average ratings, some of which focus on
factual reporting and narratives that may be easier
to reason about.

Results by Length. Next, we evaluate whether
output length is correlated with performance.
Specifically, we show average ratings based on
the fine-grained LM evaluation for Claude-3 Opus
split into bins by length of the reference outputs.
Scores stratified by length bins are shown in
Figure 10. We find that examples which require
longer outputs are significantly harder for models,
supported by the fact that examples with longer
outputs have lower average scores.



Error Analysis. We analyze generated
outputs from 3 high-performing models
(Gemini-1.5-0409, GPT-4, and Claude-3 Opus)
for examples where average ratings of responses
are lowest. Broadly, we observe the following
patterns:

e Lacking depth (Table 8): Writing technical
documents requires depth and focus, which
was sometimes found to be lacking. For ex-
ample, concrete statistical results and method
details were absent from a task on writing up
a report on an experimental study in clinical
psychology.

Verbosity (Table 9): A common characteris-
tic of some model outputs was their verbosity.
Common patterns included defining jargon
when not necessary, and generating many
filler statements that do not introduce new
information.

Missing information (Table 10): There were
a few cases where a single output section
required multiple pieces of information, but
the model entirely missed producing a subset
of them.

6 Related Work

Domain-Specific NLP Benchmarks. The use
of language technologies in domain-specific
scenarios has the potential to help experts.
Prior work has evaluated models through
domain-specific benchmarks for standard tasks
like QA (Hendrycks et al., 2021; Malaviya
et al., 2024) and summarization (Hayashi et al.,
2021). Many benchmarks have been proposed
for specific fields (Rein et al., 2024; Xia et al.,
2024), including law (Shen et al., 2022; Niklaus
et al., 2023; Guha et al.,, 2024) and medicine
(Tsatsaronis et al., 2015; Pampari et al., 2018;
Jin et al., 2019, 2021; Fleming et al., 2024).

A notable difference between this line of work
and DoLomrtEs is the task formulation (i.e., QA vs
methodical tasks). QA involves addressing a spe-
cific information need in response to a query while
conducting methodical tasks requires following
a structured and consistent procedure, involving
multiple steps, to complete a goal-oriented task.
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Naturalistic Evaluation. Evaluation that is
grounded in realistic use cases, is important for re-
liable benchmarking (Rolnick et al., 2024). Prior
efforts on creating NLP benchmarks which are
representative of real user needs use query logs
(Nguyen et al., 2016; Kwiatkowski et al., 2019)
and chat histories (Lin et al., 2024). While these
benchmarks are useful for evaluating responses to
generic user queries, they do not allow us to study
their abilities in assisting with domain-specific
tasks in an isolated manner. For instance, Ouyang
et al. (2023) find that user requests in chat his-
tories often involve ‘‘planning’’ and ‘‘design’’,
but these are largely ignored in benchmarks.
Our work fills this gap by presenting a typol-
ogy of domain-specific tasks grounded in realistic
scenarios.

Language Models as Writing Assistants. Re-
cent work has investigated the potential of
language models to act as writing assistants
for domain experts (Calderwood et al., 2020;
Lee et al., 2022; Gero et al., 2022; Li et al.,,
2024). While there is favorable evidence that they
can improve productivity of experts (Noy and
Zhang, 2023), their usage has broader societal
consequences, including potential impact on the
workforce (Eloundou et al., 2024). We analyze a
subset of these societal implications relevant for
our methodical tasks in Section 3.

7 Discussion

As part of DoLomITEs, we present various data
artifacts that can be used to study the abilities of
language models in assisting domain experts with
writing tasks. We outline these artifacts and their
intended use below.

Task Collection. We present a collection of 519
writing tasks spanning 25 fields that is represen-
tative of work undertaken by domain experts on
a regular basis. We believe this is the first collec-
tion of tasks built with input from domain experts
about scenarios in which language models can be
useful to them. These tasks can be used to identify
applications of LMs in various fields and to cater
model development to ecologically valid tasks.

Task Validation Labels. We conduct an inde-
pendent assessment of the validity of the tasks and
the societal implications of using LMs as writing
assistants for these tasks. We believe that these



validation labels can be useful to study the practi-
cal benefits of using LMs as writing assistants for
these tasks and to select tasks that are representa-
tive of real-world use. Labels concerning societal
implications can enable researchers to take into ac-
count important considerations such as anonymity
of user data, bias in decision making, accessibility
requirements, etc, when considering deployment
of language models for assisting experts.

Task Examples. Finally, we present examples
of tasks that are semi-automatically generated by
seeking input from the same experts who pro-
vided the tasks. The examples of tasks are meant
to represent concrete and plausible instances of the
task, so that models can be evaluated on the tasks.
To conduct such an evaluation, models are re-
quired to generate the output of an example given
the task description and the example input. In
Section 4.2.1, we present results on DOLOMITES us-
ing LM-based evaluators as well as other metrics.
We find that LM-based evaluators correlate best
with human judgments and propose future work
to consider the following modes of evaluation on
DoLomrTes:

1. Pairwise preference judgments for overall
response quality: Pairwise evaluations from
models (especially from Claude-3 Opus)
have moderately high agreement with hu-
man labels (67% with ties, 77% without ties)
that are better than other evaluation metrics.
These can be used to get an estimate of
overall model abilities.

. Finer-grained LM evaluation for absolute
judgments on given axes: In Section 5, we
present fine-grained evaluation on axes that
are important for our tasks. We propose future
work to conduct finer-grained evaluations on
the same axes to gather better insights about
the strengths and weaknesses of models.

We believe that as LM-based evaluators im-
prove, we will be able to more accurately evaluate
outputs for examples in DOLOMITES.

8 Conclusion

We introduce DoLomITES, a benchmark that is
closely tied to realistic use cases of domain ex-
perts. The generalization of these use cases as
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methodical tasks provides a way to study ca-
pabilities of language models across tasks and
domains. We consider a scenario where Al sys-
tems can act as tools for experts to amplify their
problem-solving capabilities (Engelbart, 2023)
and perform their tasks more efficiently. We ver-
ify that our tasks are representative across fields
and that human oversight is necessary if language
models propose initial outputs for these tasks.
Evaluation of a broad range of contemporary lan-
guage models suggests that there is a large room
for models to improve on generating outputs for
our tasks.

Future directions are many and varied. The
tasks in DoLOMITEs constitute a mere sample from
25 fields in English language. We hope to further
expand the set of tasks to cover a wider range
of scenarios and languages. We could also con-
sider tasks that involve modalities other than text
in input or output, and multi-turn settings, where
models continually improve their outputs through
feedback and revision. On the modeling front, we
will consider sophisticated generation techniques
such as the one proposed by Narayan et al. (2023),
that first generate a plan of the output and then fill
in different sections, potentially with attributions
to sources (Fierro et al., 2024). Our experimental
results revealed that automatic evaluation of gen-
erated text is particularly challenging. Our data
contains a single reference output for an exam-
ple input and does not model diverse perspectives
of experts and the innate subjectivity of tasks
(Ganguli et al., 2023). While conventional metrics
do not account for this subjectivity, it is unclear if
LM-based evaluators innately capture this subjec-
tivity. More research is needed to ensure language
model responses are given credit for alternative,
but valid responses.
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A Annotation Details

Participants. We recruited 266 participants for
our study from Prolific. Participants were required
to be fluent in English, and came from 25 differ-
ent countries, across Africa, Europe, and North
and South America. In terms of their background,
participants were required to have an undergrad-
uate degree and 3 years of work experience in
their respective field. These requirements were
first enforced through Prolific’s audience filters,
followed by a screening where participants were
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asked to self-report their educational qualifica-
tions and work experience. They each provided
two tasks, so for each field, we recruited half the
number of the participants as the number of tasks
reported in Table 1. Lastly, they were required to
have at least 50 prior approved submissions and
an approval rate of over 99%. Participants were
informed that their provided data will be used to
evaluate large language models in realistic scenar-
10s. We obtained prior consent from all annotators
before recruiting them for all studies.

Setup. Annotators were paid $20 per hour for
their work. For task collection, we allocated 40
minutes to write two tasks, and for task validation,
we allocated 15 minutes per task. For post-editing
examples, we allocated 20 minutes per example.

Edit Types. In a random sample of 100 exam-
ples, we found the following types of edits were
made to the examples:

Fact Addition (88%): Addition of new
statements to the example.

Fact Deletion (20%): Removing statements
from the example.

Fact Update (65%): Updating existing state-
ments with further elaboration of details, or
adding of new numbers or references.

Stylistic Rewrites (76%): Simplification,
paraphrasing, or improving grammar,
spelling or tone of text.

Reorganization (23%): Restructuring of sen-
tences, paragraphs, or sections in the
example, which may be done to fit the task
description.

Annotation Interface Screenshots. We show
screenshots of the annotation interfaces presented
to annotators for task validation and example
post-editing in Figures 11 and 12, respectively.


https://doi.org/10.18653/v1/2024.acl-long.511
https://doi.org/10.18653/v1/2024.acl-long.511
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https://doi.org/10.18653/v1/2024.acl-long.40

B Experimental Details

Models. The specific identifiers for the mod-
els evaluated in this work are given in Table 6.
Open-source models were obtained from the Hug-
gingFace model hub, while proprietary models
were obtained through the organizations’ official
APIs.

Generation Configurations. In all generation
tasks, we set the temperature for generation to
be 0.1. For both example generation and model
evaluation, we sampled a maximum of 4,096 to-
kens (or the maximum sequence length of the
model).

Prompts. We provide the prompts used for var-
ious components of our work. The prompts used
for example creation are given in Tables 11-13.
The prompt used to generate the critique shown
to annotators is shown in Table 14. The prompt
used to generate outputs from candidate models is
shown in Table 15. Finally, the prompt used for
generating LM-based judgments for evaluation
are shown in Tables 16 and 17.
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Model Name Identifier

Claude-3 Opus
Command-R-Plus

claude-3-opus-20240229
command-r-plus
gemini-1.5-pro-latest
gemini-1.5-pro-preview-0409
gemini-pro

gpt-3.5-turbo
gpt-4-turbo-preview
mistral-large-latest
Mixtral-8x22B-Instruct-v0.1
Mixtral-8x7B-v0.1
OLMo-7B-Instruct

Gemini-1.5-Pro?
Gemini-1.5-0409°
Gemini-Pro
GPT-3.5-Turbo
GPT-4
Mistral-Large
Mixtral-8x22B
Mixtral-8x7B
OLMo-7B-Instruct

Table 6: List of models used in our experiments
and their identifiers.

Model GPT-4 Claude-3 Opus Gemini-1.5-0409
Claude-3 Opus 47.6 52.1 49.1
Command-R-Plus 33.4 44 .4 37.5
Gemini-1.5-Pro 432 48.4 53.6
Gemini-1.5-0409 44.6 57.6 63.4
Gemini-Pro 19.8 23.6 25.0
GPT-3.5-Turbo 14.1 13.3 14.4
GPT-4 50.0 50.0 50.0
Mistral-Large 29.4 31.1 28.8
Mixtral-8x22B 229 26.6 18.7
Mixtral-8x7B 18.2 24.0 15.9
OLMo-7B-Instruct 2.7 3.5 3.0

Table 7: Model win rate (4+3) against GPT-4
on the DoromitEs benchmark using three
LM-based autoraters (GPT-4, Claude-3 Opus, and
Gemini-1.5-PP), with a length penalty.

#Accessed from https://aistudio.google.com
/ app.

3 Accessed from https://console.cloud
.google.com/vertex—-ai/generative.


https://aistudio.google.com/app
https://aistudio.google.com/app
https://console.cloud.google.com/vertex-ai/generative
https://console.cloud.google.com/vertex-ai/generative

Pattern: Lack of Detail

TASK DESCRIPTION
Task Objective: Designing an observation plan for different celestial bodies and objects using an infrared telescope

Task Procedure: Observing space can be quite a complicated task to achieve, space contains a lot of different celestial bodies and a variety of
objects. Some of these objects emits "special” kind of electromagnetic radiation - radiation that we humans cannot see with our eyes. So in this
task we’re focusing on the invisible glow these objects emit in the infrared part of the spectrum. Our task is to basically decide which celestial
bodies (star, planet, galaxies, nebulas and more) we want to study and investigate considering and taking into account their unique infrared
features. We also need to plan what kind of telescope is going to be used in order to successfully achieve that mission and literally "see” what we
want to see.

Additional Notes: Planning it correctly can save a lot of time and frustrations, taking in account different information like I presented and
learning from mistakes can lead to a successful observation.

Input Sections:

* Scientific/main Goal AND target object: 1 paragraph, 3-4 sentences. To begin with the planning, we mostly need to understand what is our main
objective - so we have to outline the scientific goals we aim to gather from the observation such as understanding atmospheric composition of
different bodies, stars/planets life cycle and formation process and more.

* Kind of telescope and wavelength range: 2 paragraphs, 7-8 sentences. The user should provide detailed information regarding what instrument is
being used, which includes technical specifications such as focal length of the telescope and eyepieces, apertures, focal ratios, the type of
telescope and also what kind of additional items are being used like filters and cameras to detect that special electromagnetic spectrum. Providing
what wavelength the observation is going to be in can surely help, infrared radiation varies in different nano-metrica (NIR, MIR, FIR), each
wavelength is good for a certain type of observation.

Output Sections:
* Observing conditions: 1 paragraph, 3-4 sentences. We need to know what conditions the observation is taking place and what location, mostly
because this plays a real key factor in terms of how the observation would be carried out. Providing information about things like light pollution

(Bortle scale), density of air, outside temperature and more.

* Instrument sensitivity: 1 paragraph, 2-3 sentences. We need to know what are the specifications of sensitivity of the instruments being used.
Sensors or cameras can detect so many details in comparison to the human eye, as well as filters of eyepieces.

EXAMPLE INPUT

* Scientific/main Goal AND target object: Our scientific goal is to study the formation and evolution of young stars within the Orion Nebula. The
Orion Nebula is a vast region of star formation, and by observing it in the infrared, we can penetrate the dust and gas that obscure these young
stars in visible light.

* Kind of telescope and wavelength range: We will use the Stratospheric Observatory for Infrared Astronomy (SOFIA), a 2.7-meter infrared telescope
mounted on a Boeing 747SP aircraft. SOFIA is capable of observing in the mid-infrared and far-infrared wavelengths, from 5.4 to 25.5 microns. We
will specifically target the mid-infrared range (8-13 microns), which is optimal for detecting the warm dust and gas associated with young stellar
objects. Additionally, we will employ a medium-resolution spectrograph to obtain detailed information about the composition and physical
properties of the observed targets.

REFERENCE OUTPUT Gemini-1.5-0409 OUTPUT

* Observing conditions: The observations will be conducted from an
altitude of approximately 45,000 feet, above the majority of Earth’s
water vapor, which absorbs infrared radiation. The flight will take
place during a moonless night to minimize light pollution. The observing
site will be chosen to have a low Bortle scale rating, indicating
minimal light pollution from artificial sources.

% Instrument sensitivity: SOFIA’s mid-infrared camera, FORCAST, has a
sensitivity of approximately ©.1 Jy for a point source in a 1@-minute
integration time. The spectrograph has a spectral resolution of R

1000, allowing us to resolve individual spectral lines and determine the
chemical composition of the target objects.

* Observing conditions: SOFIA operates at altitudes of 38,000-45,000
feet, above 99% of the Earth’s water vapor, which allows for clear
observations in the infrared spectrum. The observations will be
conducted during nighttime flights to minimize background radiation from
the Sun. Additionally, SOFIA’s mobility allows it to choose observing
locations with minimal light pollution, typically over remote ocean
areas or sparsely populated regions, corresponding to Bortle Class 1 or
2.

* Instrument sensitivity: SOFIA’s mid-infrared instruments, such as the
FORCAST camera and the FLITECAM spectrograph, are highly sensitive to
faint infrared emissions. They can detect temperature variations as
small as a few degrees Kelvin and resolve spatial details down to a few
arcseconds. This sensitivity enables the detection and characterization
of young stellar objects and their surrounding environments within the
Orion Nebula.

Table 8: Sample response showcasing lack of detail in the generated output.
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Figure 11: Interface shown to annotators for task validation.
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Fixing Issues in Examples of Expert Tasks
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Figure 12: Interface shown to annotators for example post-editing.
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Pattern: Verbosity

TASK DESCRIPTION

Task Objective: Write a review of a novel.

Task Procedure: You need to write an extensive review of a novel, you need to summarize and give basic facts of the writer and novel, but also give

value judgement.
Additional Notes: nan

Input Sections:

* Title: only one or several words, this is the title of the book that you will review.

* Writer: only a name, this is the author’s name.

* Pages: only a number, the number of pages in the novel.

* Introduction: 1 paragraph, a general introduction to both the author and their work (the title that will be reviewed in the article)

* Summary: 1 paragraph, a specific summary of the book which gives the reader an insight into the story without spoiling major events or the

ending; it needs to stay exciting/enticing.

Output Sections:

* Analysis: 2-3 paragraphs, varying analyses of several aspects of the story, this includes content analysis, but also linguistic and semantical
analysis; what is meant by certain passages? What are the cultural/societal connotations? In what way does the writer use language and form?

* Verdict: 1 paragraph, what do we think about the things we just analysed? Is it of high quality or low quality? And in what ways? Why?

* Conclusion: 1 sentence, summarize everything said above and give a final review in only one sentence.

EXAMPLE INPUT
* Title: Dead in Long Beach, California
* Writer: Venita Blackburn

* Pages: 157

* Introduction: A rising literary star, Venita Blackburn, tackles the complexities of grief and unconventional coping mechanisms in her captivating
novel, "Dead in Long Beach, California.” This poignant tale explores the depths of human sorrow through the story of a young woman grappling with
loss. Blackburn delves into the lengths individuals go to find solace, weaving a narrative that is both heartbreaking and thought-provoking.

* Summary: The novel follows the journey of a young woman who, after the sudden death of her brother, stumbles upon an unexpected and ethically
dubious method of coping. Posing as her deceased sibling, she immerses herself in his online world, seeking comfort in the digital memories and
connections he left behind. As she delves deeper into her brother’s virtual existence, she uncovers hidden secrets and confronts the consequences

of her actions.

REFERENCE OUTPUT

* Analysis: Blackburn’s novel is a profound exploration of the grieving
process. Through the protagonist’s unconventional coping mechanism, she
examines the ways in which technology can both connect and isolate us in
times of loss. The author skillfully intertwines the protagonist’s
emotional turmoil with the digital landscape, creating a
thought-provoking commentary on the nature of identity and the
boundaries between the living and the dead.

Furthermore, Blackburn’s prose is both lyrical and incisive. For
instance, her description of the protagonist staring at her brother’s
empty online profile, "a hollow echo of a life once lived,” perfectly
captures the profound sense of emptiness and longing she experiences
The novel’s exploration of ethical dilemmas, such as the protagonist’s
manipulation of online identities, is handled with sensitivity and
nuance. It leaves readers to ponder the complexities of right and wrong
in the face of overwhelming grief, sparking valuable discussions about
the boundaries of acceptable coping mechanisms.

* Verdict: "Dead in Long Beach, California” is a powerful and deeply
moving novel. Blackburn’s ability to capture the raw emotions of grief
and the complexities of our digital lives is commendable. Her
exploration of unconventional coping mechanisms and the ethical
implications they raise is both thought-provoking and timely.

* Conclusion: Venita Blackburn’s "Dead in Long Beach, California” is a
haunting and unforgettable tale that lingers long after the last page is
turned. It serves as a powerful reminder of the enduring strength of
human connection and the profound bond that transcends even death

GPT-4 OUTPUT

* Analysis: Venita Blackburn’s "Dead in Long Beach, California” is a
masterful exploration of grief and identity in the digital age. Through
her concise yet powerful prose, Blackburn challenges the reader to
consider the boundaries between the self and the other, the living and
the dead. The novel’s central theme of coping with loss through digital
impersonation raises poignant questions about the authenticity of online
relationships and the ethics of assuming another’s identity posthumously.
Blackburn’s use of language is both evocative and precise, capturing the
protagonist’s turmoil and desperation with striking clarity. The
narrative structure, alternating between the protagonist’s real-life
struggles and her online escapades, effectively mirrors the fragmented
nature of grief, enhancing the reader’s empathy for the protagonist’s
plight. Furthermore, Blackburn subtly incorporates societal critiques,
particularly concerning the internet’s role in shaping our perceptions
of death and mourning. The novel’s setting in Long Beach, California,
with its juxtaposition of urbanity and the vastness of the Pacific,
further underscores the protagonist’s feelings of isolation and her
quest for connection in an increasingly disconnected world.

* Verdict: "Dead in Long Beach, California” is a compelling and
thought-provoking novel that showcases Venita Blackburn’s talent for
delving into complex emotional landscapes with nuance and sensitivity.
The quality of Blackburn’s writing is evident in her ability to weave a
deeply personal story with broader societal implications, making the
novel both intimate and universally relevant. The ethical dilemmas and
emotional depth explored in the book are handled with a deftness that
invites readers to reflect on their own experiences of loss and the ways
in which technology intersects with our most human experiences
Blackburn’s linguistic prowess and her skillful narrative construction
make this novel a high-quality literary work that is both engaging and
enlightening. It is a poignant reminder of the power of fiction to
explore the nuances of the human condition

* Conclusion: Venita Blackburn’s "Dead in Long Beach, California” is a
beautifully crafted novel that offers a profound and nuanced exploration
of grief in the digital age, making it a must-read for those who
appreciate literature that delves into the complexities of the human
heart.

Table 9: Sample response showcasing verbosity in the generated output (note the Analysis and Verdict
sections).
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Pattern: Missing Information

TASK DESCRIPTION

Task Objective: Writing a funding application for a medical research project.

Task Procedure: To write a funding application for a research project, you need to start with a clear and concise idea for the research project,
identify matching funding sources, understand the funder’s priorities. Then, write a detailed project description and prepare a specific budget.
Complete the application form provided by the funder and follow all guidelines. Review the application, submit it, and await feedback.

Additional Notes: It is important to clearly define the research idea, understand the funder’s priorities, write a detailed project description,
prepare a specific budget, and review before submitting. Common mistakes include overlooking eligibility, using jargon, poor structure of the

application, and an overwhelming page layout.

Input Sections:

* Project Idea: 1 paragraph. A clear and concise idea for the research project is essential.

* Potential Funding Sources: 1 paragraph. Estimated cost and identification of potential funding sources that align with the research topic.

Output Sections:

* Funding application: 2 paragraphs. The funding application will include a summary, an introductory section including background and motivation,

detailed project description, and detailed budget.

* Timeline: In addition, a detailed timeline with key milestones is essential to demonstrate preparedness and careful planning for the project.

EXAMPLE INPUT

* Project Idea: We aim to develop a novel risk prediction model for asthma exacerbations in children aged 1-6 years. By integrating clinical data,
environmental factors, and genetic markers, we will create a comprehensive tool to identify children at high risk of exacerbations, enabling early

intervention and improved disease management.

* Potential Funding Sources: The National Heart, Lung, and Blood Institute (NHLBI) offers funding opportunities for research on respiratory
diseases, including asthma. We estimate that the project will require a budget of $250,000 over five years.

REFERENCE OUTPUT
* Funding Application:

Summary: This application proposes a comprehensive study to develop a
risk prediction model for asthma exacerbations in children. The model
will integrate clinical, environmental, and genetic data to identify
high-risk individuals, facilitating early intervention and improved
disease management.

Introduction: Asthma is a common chronic disease that affects millions
of children worldwide. Exacerbations can be life-threatening and lead to
significant healthcare costs. Current prediction methods are inadequate,
and there is an urgent need for more accurate tools. This project will
address this gap by developing a novel risk prediction model that
combines multiple factors to provide a personalized assessment of
exacerbation risk.

Project Description: We will recruit 500 children aged 1-6 years with
asthma from the Aspen Medical Group and St. Paul Children’s Hospital.
Data collection will include clinical assessments, environmental
monitoring, and genetic testing. Baseline clinical assessments will
include use of short-acting beta agonists, previous asthma-related
emergency department attendances and hospitalizations, history of lower
respiratory tract infections, environmental tobacco exposure.
Environmental monitoring will be performed using indoor air-quality
sensors. Genetic testing will include the analysis of specific genes
linked to asthma. Outcome events will include asthma-related emergency
hospitalization. We will use survival models to estimate the hazard
ratio associated with key predictors. The model will be validated using
an independent cohort of children.

Budget: The total budget for the project is $250,000 over five years.
This includes costs for participant recruitment, data collection,
analysis, and dissemination. The budget includes:

* $150,000: Staff salaries

* $50,000: Patient recruitment data, collection and analysis

* $30,000: Equipment and supplies

* $20,000: Travel expenses

* Timeline:

* Year 1: Participant recruitment and data collection: This include three
months for participant recruitment and nine months for data collection.
* Year 2: Model development and validation: This includes nine months
for model development and three months for validation.

* Year 3: Model refinement, implementation, and real-world testing.

* Year 4: Dissemination of results and exploration of clinical
applications: This include three months for preparing and publishing
findings, and nine months for exploring clinical applications.

* Year 5: Project evaluation and future directions: The entire year will
be dedicated to project evaluation and planning for future research.

GPT-4 OUTPUT

* Funding Application: Our project proposes the development of an
innovative risk prediction model for asthma exacerbations in children
aged 1-6 years, a critical period for asthma management and intervention.
By leveraging a multidisciplinary approach that combines clinical data,
environmental factors, and genetic markers, our model aims to
revolutionize how healthcare providers identify children at high risk of
asthma exacerbations. This early identification will facilitate timely
interventions, potentially reducing the frequency and severity of
exacerbations and improving overall disease management and patient
outcomes.

The project will unfold in several phases, beginning with the collection
and analysis of clinical data from pediatric asthma patients.
Concurrently, we will conduct a comprehensive review of environmental
factors known to influence asthma exacerbations, such as air quality and
allergen exposure, and perform genetic analyses to identify markers
associated with increased risk. This integrated data will form the basis
of our predictive model, which will be rigorously tested and validated
in clinical settings. To support this ambitious project, we are seeking
funding of $250,000 from the National Heart, Lung, and Blood Institute
(NHLBI), an organization that prioritizes research on respiratory
diseases, including asthma. This budget will cover costs associated with
data collection, analysis, personnel, and dissemination of findings,
ensuring a thorough and impactful study.

* Timeline:

Year 1:

- Q1-Q2: Project initiation, including team assembly and training, and
development of data collection protocols.

- Q3-Q4: Begin data collection on clinical data and environmental
factors, and initiate genetic marker identification.

Year 2:

- Q1-Q2: Continue data collection and start preliminary data analysis.
- Q3-Q4: Development of the initial model based on collected data and
initial testing.

Year 3:

- Q1-Q2: Refinement of the model based on initial testing feedback and
integration of additional data as necessary.

- Q3-Q4: Begin large-scale validation of the model in clinical settings.

Year 4:
- Q1-Q4: Continued validation and refinement of the model, including
adjustments based on ongoing feedback from clinical applications.

Year 5:

- Q1-Q2: Finalization of the model and preparation of materials for
dissemination.

- Q3-Q4: Dissemination of findings through publications, presentations
at conferences, and direct outreach to healthcare providers.

This timeline demonstrates our commitment to careful planning and
preparedness, ensuring that each phase of the project builds upon the
last towards the successful development and implementation of our novel
asthma risk prediction model.

Table 10: Sample response showcasing missing information in the generated output (note the Funding
Application section).
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Query Formulation Prompt

Generate 10 search queries for finding specific examples of the given task from the specified
field. The search queries should be brief and request documents in more specific contexts than the
given task. We would like the documents to contain real examples of the task. List the queries and
nothing else.

FIELD: Visual Arts (Graphic design)

TASK: The objective of this task is to write a catalog entry for an art exhibition.
QUERIES: 1) Example of catalog entry for art exhibition
2) Catalog entry art exhibition Dali

3) Notable art catalog entries 2023

4) memorable art catalog entries 2000s

5) catalog entry for jackson pollock painting

6) frida kahlo painting catalog entry

7) picasso guernica catalog entry

8) da vinci mona lisa catalog entry

9) The Great Wave off Kanagawa catalog entry

10) renaissance art exhibition catalog entry

FIELD: [FIELD]

TASK: [TASK]
QUERIES:

Table 11: Prompt used for generating specific search queries for a task.

Domain Name Prompt

List 20-30 URLs to domain names which will be useful to find real examples for the given task.
These websites should be reliable, trustworthy and authoritative sources for an expert in the
field. They should be ranked by their likely usefulness.

FIELD: Engineering and Technology (NLP research)
TASK:Summarizing related work on an NLP subproblem.
URLs: 1) arxiv.org

2) aclweb.org

3) ldc.upenn.edu

4) nlp.stanford.edu

5) aclanthology.org

6) towardsdatascience.com
7) semanticscholar.org

8) openreview.net

9) medium.com

10) nature.com

11) transacl.org

12) cambridge.org

13) iclr.cc

14) aaai.org

15) academic.microsoft.com
16) nips.cc

17) onlinelibrary.wiley.com
18) link.springer.com

19) naacl.org

20) plos.org

FIELD: [FIELD]
TASK: [TASK]
URLs:

Table 12: Prompt used for searching for authoritative domain names for a task.
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Example Generation Prompt

You are given a description of a task from the field of [FIELD] by an expert. Generate a concrete
example of all the Input Sections and Output Sections listed for the given TASK DESCRIPTION. The
example should resemble a real example that is written by an expert in the field, and should be
highly technical and detailed.

Further instructions:

- You are also given CONTEXT in the form of Passages from web documents and will need to generate
an example based on this CONTEXT. Make sure to generate the example based on the provided CONTEXT.
If the CONTEXT is insufficient, you can say "The context is insufficient”.

- Make sure the length of each section matches the required length and the section headers are
exactly the same.

- The example should be highly detailed, and not be generic and vague.

====CONNE=—===

[CONTEXT]

====TASK DESCRIPTION====

[TASK DESCRIPTION]

====FXAMPLE====

Table 13: Prompt used for generating initial examples for a task.

Critique Generation Prompt

You are an expert in the field of [FIELD]. You are given a task description of a writing task from
your field and an imperfect example for this task, where an example is a concrete sample of the
task. You need to describe what is lacking in the example for the task. You are given a list of
properties based on which you should critique the example:

* Inconsistencies: Are there any inconsistencies in the information provided across the input and
output?

* Factual Inaccuracies: Are there any factual inaccuracies in the information presented in the
input or how the output is inferred?

* Structure: Are there any issues with how closely the example follows the instructions specified
in the task description? This includes information requested in the task but missing in the
example, or mismatch in the length required for a section.

* Depth: How could the example benefit from more detail? Note that the example should resemble
what an expert might write and so it should not be vague with details.

====TASK DESCRIPTION====

[TASK DESCRIPTION]

====FEXAMPLE====

[EXAMPLE]

====Critique====

Table 14: Prompt used for generating critiques for model-generated examples.
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Output Generation Prompt

You need to perform a writing task from the field of [FIELD]. You are given (1) a task description
which contains input and output sections, and (2) an example input for this task, which is a
sample of the input sections of the task with concrete details. You need to generate the output
sections for the given example input.

- Make sure the length of each output section matches the required length and the section headers
are exactly the same.

- Make sure the output follows the structure of the output sections in the task description, is
factually accurate and detailed.

====TASK DESCRIPTION====

[TASK DESCRIPTION]

====FEXAMPLE INPUT====

[EXAMPLE INPUT]

====EXAMPLE OUTPUT====

Table 15: Prompt used for generating outputs from candidate models for evaluation.

LM-based Overall Preference Evaluation Prompt

You are an expert in the field of [FIELD]. You are given a task description of a writing task from
your field. For this task description, you are given an input example, which is a concrete sample
of the input sections of this task, as well as the reference output, which is the gold standard
output for this input. You will be given two candidate outputs for the input example and you need
to judge which output is better by comparing it to the reference output.

First, you should say "x*output 1x*" if output 1 is better, "x*output 2x*" if output 2 is better
and "*xsamexx" 6 if the two outputs are equivalent in quality (note the stars). Then you should
explain why you picked this output.

*xImportant: Keep in mind that longer outputs are not necessarily better quality outputs. Being
concise is a good quality for outputs.x*x*

====TASK DESCRIPTION====
[TASK DESCRIPTION]
====INPUT EXAMPLE====
[EXAMPLE INPUT]
====REFERENCE OUTPUT====
[REFERENCE OUTPUT]
====EXAMPLE OUTPUT 1====
[EXAMPLE OUTPUT 1]
====EXAMPLE OUTPUT 2====
[EXAMPLE OUTPUT 2]

====Decision====

Table 16: Prompt used for generating LM-based judgments.
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LM-based Fine-Grained Evaluation Prompt

You are an expert in the field of [FIELD]. You are given a task description of a writing task from
your field. For this task description, you are given an input example, which is a concrete sample
of the input sections of this task, as well as the reference output, which is the gold standard
output for this input. You will be given a candidate output for this input example. You need to
evaluate the output by comparing it to the reference output. We will also give you a rubric, which
should guide your evaluation. You need to rate the output on the rubric on a scale of 1-5.

Here is the rubric based on which you should evaluate the outputs:

* Adherence to Task Structure: The output should closely follow the instructions specified in the
output sections of the task description. The information requested in the task description should
be present in the output, and the sections should be the correct length.

* Factual Accuracy: There should not be any factual inaccuracies or inconsistencies in the output.
* Depth: The output text should be technically detailed and thorough, so that it resembles how an
expert might conduct the task.

* Completeness: The output text should be complete and contain all the information requested in
the task description.

* Coherence: The output text should flow logically and be easily understandable.

You should produce the final output as a dictionary in precisely this format: "**output:
"adherence"”: _, "accuracy"”: _, "depth”: _, "completeness”: _, "coherence”: _**", where you should
fill in the spaces with ratings. Make note of the ** required to enclose the output dictionary.
====TASK DESCRIPTION====

[TASK DESCRIPTION]

====INPUT EXAMPLE====

[EXAMPLE INPUT]

====REFERENCE OUTPUT====

[REFERENCE OUTPUT]

====EXAMPLE OUTPUT====

[EXAMPLE OUTPUT]

::::Output::::

Table 17: Prompt used for generating LM-based judgments.
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