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Pretrained Language Models (LMs) have demonstrated remarkable general-purpose capabilities by

encoding vast amounts of knowledge from the internet. However, effectively steering these models to

serve diverse downstream applications, such as following instructions, chatting with users, using tools,

or performing complex reasoning, poses another set of challenges that require diverse, high-quality, and

increasingly costly training data.

This dissertation explores scalable paradigms for structuring, creating, and optimizing data to facilitate

the broader generalization of language models and enhance their critical capabilities. First, through the

creation of the SUPER-NATURALINSTRUCTIONS benchmark—a large-scale dataset with over 1,600 NLP

tasks—I demonstrate that unifying NLP tasks via natural language instructions enables model generalization

at the task level. Second, I propose SELF-INSTRUCT, a novel framework where LMs generate their own

instructional data to train themselves, thereby demonstrating model self-improvement. Third, I develop

HYPER, a framework that routes preference annotation tasks between humans and AI to optimize data



quality and collection efficiency for preference-based learning. Finally, I systematically study the impact of

diverse open instruction-tuning datasets on LM capabilities, leading to the development of the TÜLU series

of openly available and highly capable models.

Together, these efforts—unifying task structures, leveraging model-generated synthetic data, optimizing

human-AI data partnerships, and fostering open data ecosystems—have demonstrated an effective path to

building a strong, scalable, and community-driven data foundation for post-training language models. Finally,

I envision future directions that can further enhance this data foundation for building more advanced and

sustainable AI systems.
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Chapter 1

Introduction

1.1 Brief Overview

The rapid advancement of artificial intelligence (AI) has been significantly propelled by the development of

large language models (LLMs, Devlin et al., 2019; Radford et al.; Raffel et al., 2020; Brown et al., 2020a).

These models, pretrained on vast quantities of text data, exhibit remarkable general-purpose capabilities,

having encoded extensive knowledge about the world. However, harnessing this latent potential and ef-

fectively directing these models to serve a multitude of downstream applications—ranging from following

complex instructions and engaging in nuanced conversations to utilizing external tools and performing

sophisticated reasoning—remains a critical challenge. This dissertation addresses this challenge by proposing

and investigating scalable data paradigms as a primary mechanism for steering general-purpose language

models. The core thesis is that by systematically rethinking how we structure, create, share, and utilize data in

the post-training phase (as a counterpart to pretraining), we can more effectively and efficiently align LLMs

to diverse human intents and complex tasks.

1.2 Background

General-purpose language models, often built upon transformer architectures and pretrained on internet-scale

unlabeled text, have become foundational in modern AI [Bommasani et al., 2021]. This pretraining phase

endows them with a broad understanding of language, factual knowledge, and rudimentary reasoning skills.
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However, their raw pretrained state is often insufficient for specific, practical applications. To bridge this

gap, a crucial phase known as “post-training” (or “alignment” or “instruction tuning”, Ouyang et al., 2022;

Bai et al., 2022a; Touvron et al., 2023a; OpenAI, 2023) is employed. This phase aims to steer the model’s

behavior to better align with human expectations and desired functionalities. This dissertation focuses on

data-centric approaches within this post-training landscape, exploring how innovative data paradigms can

unlock and refine the capabilities of these powerful general-purpose systems.

1.3 Challenges

Steering general-purpose LMs effectively presents several key challenges. Firstly, the diversity of tasks and

interaction styles humans expect LMs to handle is immense. Crafting datasets that comprehensively cover

this spectrum is a monumental undertaking. Secondly, traditional methods of data collection and annotation

can be expensive, time-consuming, and may not scale to meet the ever-growing demands for more capable

and nuanced models. Thirdly, ensuring that models generalize well from the data they are post-trained on,

without simply memorizing specific task formats, is crucial for robust real-world performance. Furthermore,

as models become more integrated into data production and annotation processes, new questions arise about

data quality, diversity, and the potential for reinforcing biases. The diminishing returns observed from simply

scaling pretraining on raw internet data also highlight the urgent need for more sophisticated and sustainable

data strategies for the next generation of AI systems.

1.4 Approach: Scalable Data Paradigms

This dissertation posits that addressing the aforementioned challenges requires a fundamental shift towards

scalable data paradigms. Instead of viewing data as a static resource, we explore dynamic and systematic

approaches to data creation, curation, and utilization specifically tailored for steering LLMs. My research

investigates four such paradigms:

• Unified Data Representation: This paradigm focuses on unifying the way different NLP tasks are

presented to models. By leveraging natural language instructions as a common interface, we can enable

models to generalize across a broader range of tasks.
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• Synthetic Data Generation: This paradigm explores the use of LMs themselves in the data production

process. By developing frameworks where models can generate new training instances and even

novel task types, we can augment and diversify training data at scale, potentially leading to model

self-improvement.

• Human-AI Collaborative Data Annotation: Recognizing the strengths and weaknesses of both

human and machine annotation, this hybrid paradigm seeks to optimize the data annotation process. By

intelligently routing annotation tasks between humans and AI systems, we aim to achieve high-quality

data more efficiently and cost-effectively.

• Open Data and Models for Post-Training: This paradigm emphasizes the importance of open

resources, including datasets and models, in advancing research and democratizing the development

of capable LLMs. It involves systematically studying how diverse open datasets contribute to model

capabilities during post-training and fostering collaborative efforts.

Together, these data-centric strategies aim to create a more generalizable, efficient, and collaborative

foundation for developing and steering the next generation of general-purpose language models, moving

beyond simple pretraining to more nuanced and effective post-training.

1.5 Dissertation Outline

The remainder of this dissertation is structured as follows:

Chapter 2: Unifying NLP Tasks by Adding Instructions delves into the unified data paradigm. It

introduces the SUPER-NATURALINSTRUCTIONS benchmark [Wang et al., 2022b], a large-scale meta-dataset

of NLP tasks with natural language instructions. This chapter details the construction of this dataset and

presents Tk-INSTRUCT, a model trained on it that demonstrates strong generalization to unseen tasks by

following instructions, outperforming larger models in some cases. This work underscores the power of

redefining task data structure as an instruction tuning format and enhancing model generalization.

Chapter 3: Synthesizing Training Data with Models explores the synthetic data paradigm. It introduces

SELF-INSTRUCT, a framework that enables language models to generate their own instruction-following data

with minimal human seed data [Wang et al., 2022a]. This chapter details the iterative bootstrapping process
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of SELF-INSTRUCT, the characteristics of the generated data (52k instructions), and demonstrates how

fine-tuning a model on this self-generated data can significantly improve its instruction-following capabilities

and even enable model self-improvement.

Chapter 4: Routing Annotations between Human and AI focuses on the human-AI collaboration

paradigm for data annotation, specifically for preference data used in reinforcement learning from human

feedback (RLHF). It introduces HYPER(Hybrid Preference RoutER), a method that intelligently allocates

preference annotation tasks to either human annotators or LMs to optimize the cost-efficiency and quality

of the resulting dataset [Miranda et al., 2024]. The chapter details the MULTIPREF dataset created for this

research and shows how HYPER can lead to better reward models compared to using purely human or purely

synthetic preferences.

Chapter 5: Post-training LMs with Open Data investigates the open data paradigm. This chapter

details a systematic study of post-training LLMs using a wide array of publicly available instruction-tuning

datasets. It analyzes how different datasets contribute to various model capabilities and the importance of

base model quality. The work highlights the development of TÜLU 1 [Wang et al., 2023b], an open model

that demonstrates strong performance by leveraging a curated mixture of open data resources, emphasizing

the role of data curation and open collaboration in advancing AI. The TÜLU series of work has been been

continuously developed [Ivison et al., 2023, 2024; Lambert et al., 2024a], as part of larger team work.

Finally, Chapter 6 will summarize the key contributions of this dissertation and discuss promising

directions for future research in steering general-purpose language models through scalable data paradigms.
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Chapter 2

Unifying NLP Tasks by Adding Instructions

2.1 Overview

The NLP community has witnessed great initial progress in building models for generalization to unseen

tasks via in-context instructions [Mishra et al., 2022b; Sanh et al., 2022; Wei et al., 2022a] using large

pretrained language models [Raffel et al., 2020; Brown et al., 2020b]. As remarkable as models like

InstructGPT [Ouyang et al., 2022] are, the contribution of various design choices to their success is opaque.

In particular, the role of supervised data has remained understudied due to limited data released by the

corporate entities behind major models. In addition, it is nearly impossible for the research community to

extend and re-train these gigantic models. Addressing these two challenges necessitates the availability of

large-scale public benchmarks of a broad range of NLP tasks and their instructions to facilitate developing

and evaluating models that can generalize to unseen tasks.

In this chapter, we describe our efforts on constructing a meta-dataset (i.e., dataset of datasets; Triantafillou

et al., 2019) that consists of a wide variety of NLP tasks with their instructions, and train a model that can

perform a new task given the instruction, outperforming InstructGPT (which uses 16× more parameters).

Our dataset, SUPER-NATURALINSTRUCTIONS (SUPERNI for short), is a large benchmark of 1,616

NLP tasks and their natural language instructions. It brings in a diverse variety of tasks—76 broad task

types spanning 55 different languages. Each task is paired up with an instruction that consists of the task

definition for mapping an input text to a task output and several examples for demonstrating the desired
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or undesired output (see Fig.2.1 as an example task). These tasks and their instructions are contributed

by 88 NLP practitioners, in response to our public call. These contributions are consolidated after several

rounds of peer-review and crowdsourced feedback to ensure quality. Having this diverse and large-scale data

enables us to carefully split the tasks into training and test sets and systematically study how state-of-the-art

methods perform on them. Table 2.1 highlights properties of SUPERNI compared to relevant benchmarks,

emphasizing the diversity of tasks and instruction types in our benchmark.

• Input: “Context: … ‘That's fantastic, I'm glad we came to 
something we both agree with.’ Utterance: ‘Me too. I hope you 
have a wonderful camping trip.’”
• Output: “Yes”
• Explanation: “The participant engages in small talk when wishing 

their opponent to have a wonderful trip.”

• Input: “Context: … ‘Sounds good, I need food the most, what is 
your most needed item?!’ Utterance: ‘My item is food too’.”
• Output: “Yes”
• Explanation: “The utterance only takes the negotiation forward 

and there is no side talk. Hence, the correct answer is ‘No’.” 

Definition
“... Given an utterance and recent dialogue context containing past 3
utterances (wherever available), output ‘Yes’ if the utterance
contains the small-talk strategy, otherwise output ‘No’. Small-talk is
a cooperative negotiation strategy. It is used for discussing topics
apart from the negotiation, to build a rapport with the opponent.”

Task Instruction

• Input: “Context: … ‘I am excited to spend time 
with everyone from camp!’ Utterance: ‘That’s 
awesome! I really love being out here with my 
son. Do you think you could spare some food?’ ”
• Expected Output: “Yes”

Positive Examples

Negative Examples

Evaluation Instances

Tk-Instruct

Figure 2.1: An example task from SUPERNI adopted
from Chawla et al. [2021]. A successful model is
expected to use the provided instructions (including
task definition and demonstration examples) to output
responses to a pool of evaluation instances.

Our model, Tk-INSTRUCT, is a generative

model for transforming task inputs given declara-

tive in-context instructions (task definition or k-shot

examples). It is built by multi-task training of the T5

model [Raffel et al., 2020] over all the task instruc-

tions in our training set, and is evaluated on unseen

tasks in the test set. Interestingly, an 11B-parameter

Tk-INSTRUCT can outperform the 175B-parameter

InstructGPT model by 9.9 ROUGE-L points when

evaluated on 119 unseen English tasks, and the mul-

tilingual variant mTk-INSTRUCT outperforms In-

structGPT by 13.3 points on 35 non-English tasks

(§2.5).

The compelling empirical performance of Tk-

INSTRUCT confirms the importance of super-sized

meta datasets such as our SUPERNI to facilitate re-

search towards generalizable NLP models. We con-

duct extensive analysis to understand the important

factors for this generalization (§2.6). Our analysis

shows that scaling up the diversity of training tasks and the model size are both important for strong gen-

eralization to unseen tasks. Finally, we estimate performance upper bounds, suggesting further room for

improvement.
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Resource → SUPERNI
(this work)

NATINST
Mishra et al. [2022b]

CROSSFIT
Ye et al. [2021a]

PROMPTSOURCE
Bach et al. [2022]

FLAN
Wei et al. [2022a]

GPT3
Ouyang et al. [2022]

Has task instructions? ✓ ✓ ✗ ✓ ✓ ✓
Has negative examples? ✓ ✓ ✗ ✗ ✗ ✗
Has non-English tasks? ✓ ✗ ✗ ✗ ✓ ✓
Is public? ✓ ✓ ✓ ✓ ✓ ✗

Number of tasks 1616 61 269 176 62 –
Number of instructions 1616 61 – 2052 620 14378
Number of annotated tasks types 76 6 13 13∗ 12 10
Avg. task definition length (words) 56.6 134.4 – 24.8 8.2 –

Table 2.1: A comparison of SUPERNI to a few notable datasets in the field. We obtain the number of
tasks, instructions, and task types of other datasets from their original paper. “–” indicates the fields are not
applicable or unknown.

2.2 Background

Language instructions are a versatile way of defining goals, which is why they have been studied in the context

of a variety of applications. Prior work has studied “instructions” in various niches, such as instructions in

grounded environments [Shridhar et al., 2020; Stepputtis et al., 2020; Min et al., 2022b; Weir et al., 2022] and

database commands [Kim et al., 2020]. Here, we focus on applications of instructions for general NLP tasks.

Recent literature has been motivated by building models that are generalizable across a variety of NLP

tasks, when prompted with either a few examples [Ye and Ren, 2021; Bragg et al., 2021] or language

definitions [Efrat and Levy, 2020; Weller et al., 2020; Zhong et al., 2021; Mishra et al., 2022b,a]. Our work

is related to the existing benchmarks in this line of work, as delineated in Table 2.1 along various dimensions.

Our benchmark extends NATINST [Mishra et al., 2022b] with 26× more tasks and more variety of task types

(Fig. 2.2). ZEST [Weller et al., 2020] focuses on tasks with question-like task descriptions that are generally

shorter. Compared to this work, our instructions are longer, more complex and natural since they were used

to collect datasets through crowdsourcing. While CROSSFIT [Ye et al., 2021a] focuses on benchmarking

with a few in-context examples, our benchmark also offers task instructions.

Concurrent to our work, PROMPTSOURCE [Bach et al., 2022] is another benchmark of tasks and their

language instructions (prompts). An important distinction between this benchmark and ours is the phrasing

of the task definitions: while PROMPTSOURCE task definitions are relatively concise, our task definitions are

collected with the intention of providing a complete definition of each task and therefore are longer (24 tokens

vs. 56 tokens on average; Table 2.1). More recently, BigBench [Srivastava et al., 2022] introduces a collection

of 204 tasks that are challenging for current LMs, though not focusing on collecting their instructions.
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Figure 2.2: Compared to other datasets, SUPERNI covers a more diverse range of task types. InstructGPT
reports a very coarse categorization of their task types. Bubble size represents the number of tasks of each
type in log scale.

Nevertheless, we believe that all these efforts in collecting different tasks as well as the task instructions

are complementary, and the community will benefit from considering different benchmarks. Finally, the

well-adopted InstructGPT model [Ouyang et al., 2022] is partially enabled by a large dataset of prompts that

are collected via various synthetic data augmentation which, unfortunately, is not publicly available.

Beyond cross-task generalization, our benchmark can also be used to study multi-task learning more

broadly, which is a longstanding goal for AI [Caruana, 1997]. Traditionally, this literature focuses on

setups that involve evaluation on tasks that are observed during training [Collobert and Weston, 2008;

Hashimoto et al., 2017]. More recent studies show promise that large-scale multi-task learning can enable

strong generalization to similar tasks via unified encoding [Khashabi et al., 2020; Xie et al., 2022] or better

finetuning results on downstream tasks [McCann et al., 2018; Aribandi et al., 2022]. Our proposed benchmark

provides diverse tasks for studying multi-tasking at a massive scale.
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2.3 SUPER-NATURALINSTRUCTIONS dataset

SUPER-NATURALINSTRUCTIONS (SUPERNI for short) is a meta-dataset [Triantafillou et al., 2019] consisting

of a variety of NLP tasks (see Fig. 2.2a) and instructions that describe them in plain language.

2.3.1 Instruction schema

All task instructions follow the same uniform schema (see Fig. 2.1) which is composed of the following parts:

• DEFINITION defines a given task in natural language. This involves a complete definition of how an

input text (e.g., a sentence or a document) is expected to be mapped to an output text.

• POSITIVE EXAMPLES are samples of inputs and their correct outputs, along with a short explanation

for each.

• NEGATIVE EXAMPLES are samples of inputs and their incorrect/invalid outputs, along with a short

explanation for each.

The above schema is based on that of Mishra et al. [2022b], though it is simplified. See Appendix A.3 for the

comparison.

Task instances Given the instructions for each task, a model is expected to solve instances of that task. We

use a unified format to organize the instances of all our tasks. More precisely, each instance consists of a

textual input and a list of acceptable textual outputs. These instances are either drawn from existing NLP

datasets or available sources of human annotations. We limit the number of instances in each task to 6.5K to

avoid an imbalance of instances between tasks.

2.3.2 Collection process

SUPERNI was collected through a large community effort on GitHub1. Tasks were collected and contributed

by NLP practitioners who were either responding to our public invitation2 or students who were encouraged

to contribute as part of their class project3. Contributors were encouraged to be creative and source the
1https://github.com/allenai/natural-instructions
2https://blog.allenai.org/9d3f24d5a9db
3CSE 576 “Topics in NLP” course, Arizona State Univ.
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tasks from several resources: (a) existing public NLP datasets, (b) available intermediate annotations in

crowdsourcing experiments (e.g., paraphrasing questions or rating their quality during crowdsourcing a QA

dataset), or (c) synthetic tasks that can be communicated to an average human in a few sentences (e.g., basic

algebraic operations like number comparison, or finding the longest palindrome substring). When using

existing datasets or crowdsourcing annotations, contributors were encouraged to adopt the instructions used

to create this dataset, whenever available. This was done to ensure that the instructions were sufficient to

define the tasks to average human readers. Tasks along with instructions and other meta information were

contributed as JSON files via GitHub pull requests, which were reviewed by automated checks and peers. 88

contributors from diverse locations and backgrounds contributed to our repository.

Controlling the quality of this community-contributed data was done in several phases: (1) Upon creating

a GitHub pull request of the proposed task, it immediately went through an automatic test. This process

verified that the introduced file contained the expected fields and adhered to our desired properties (e.g.,

no duplicate instances, the output labels are not heavily imbalanced, etc.). (2) The proposed task was then

peer-reviewed by 1∼2 other expert contributors to ensure the clarity and sufficiency of instruction content.

The review process was done iteratively until the reviewers were content with the quality of the proposed

instruction. Specifically, reviewers were asked to verify if the instruction is clear and sufficient for an average

language speaker to solve the underlying task (evaluation instances) while being grammatical, fluent, and

concise. On average, the review of each GitHub pull request took about 4-6 iterations over the span of

multiple days before merging them. (3) Lastly, the added tasks were presented to crowdworkers in order to

collect feedback on the quality of the provided instructions, such as typos, clarity, or other issues. (details in

§A.1). Subsequently, one of the authors use this feedback to improve the task definitions of their instances.

This feedback was done only for English tasks, as finding high-quality crowdworkers in other languages is

nontrivial [Pavlick et al., 2014].

2.3.3 Diversity of tasks

Collecting tasks for SUPERNI was supervised carefully to cover a variety of natural language understanding

tasks, domains, and languages. To better understand this diversity, we comprehensively categorize tasks

along three different dimensions:
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• TASK TYPE defines the nature of the mapping from instance inputs to outputs (e.g., question answering,

classification, etc.).

• LANGUAGE indicates the language(s) of the instances.

• DOMAIN indicates the domain(s) to which the language of the tasks belong to (e.g., politics, medicine,

dialogue, etc.).

These different measures of categorization can be used to study different senses of generalization. In our

empirical studies (§2.5), we study generalization along the axis of task types. We refer the reader to Fig. A.5

in Appendix for the distribution of tasks among different task types, languages and domains.

Table 2.2 shows various statistics for the benchmark. In total, the dataset includes 1616 tasks and 5M

instances. On average, each instruction is paired with 2.8 positive and 2.4 negative examples. The average

definition length is 56.6 in words.

statistic

# of tasks 1616
# of task types 76
# of languages 55
# of domains 33
# of non-English tasks 576
avg definition length (words per task) 56.6
avg # of positive examples (per task) 2.8
avg # of negative examples (per task) 2.4
avg # of instances (per task) 3106.0

Table 2.2: Statistics of SUPERNI.

2.4 Teaching Models to Follow Instructions

2.4.1 Formulation

Each task t is defined via its natural language instruction It, and each task has a set of input/output instances

(Xt, Yt). A model M is expected to produce the output y, given the input x and the task instruction It:

M(It, x) = y, for (x, y) ∈ (Xt, Yt). In particular, we would like to evaluate model M on tasks that are not
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observed (i.e., their instances were not used for training M ). The only source of signal for learning the task at

inference time is in-context instructions It that contains a definition and demonstration examples of the task.

2.4.2 Tk-INSTRUCT

We introduce Tk-INSTRUCT that is meta-trained on SUPERNI for solving tasks given their in-context

instructions. Previous work has shown the effectiveness of such kind of meta-training in improving model’s

ability to do in-context learning with either prompts [Zhong et al., 2021; Sanh et al., 2022] or demonstration

examples [Min et al., 2022a]. Because of the large variety of tasks in SUPERNI, we are able to do this

multi-task meta-training at an ever-large scale. We conduct our experiments and analysis based on the T5

model [Raffel et al., 2020]. Since each instruction It consists of multiple elements as described in our

instruction schema (§2.3.1), we map these elements to textual format and append them before the input

instance. Fig. A.3 in Appendix shows how we encode the full instruction. We study different combinations

of these instruction elements in §2.6.2. By default, we will use our most effective instruction elements (i.e.,

task definition and two positive examples) unless otherwise specified. In the same manner, we train the

multilingual variant mTk-INSTRUCT based on the mT5 model [Xue et al., 2021].

2.5 Results

2.5.1 Benchmarking Setup

We provide a recommended recipe for benchmarking generalization via SUPERNI.

An Evaluation Split of Unseen Tasks. We split the large collection of tasks in SUPERNI into two subsets:

one for evaluation and the other for supervision. For evaluation tasks, we fix a manually-selected collection of

12 categories that represent 154 tasks. The large variety of tasks in SUPERNI enables us to choose a diverse

set of tasks for evaluation – such as those at word, sentence, and document levels, covering both classification

and generation formats. Appendix A.7 lists our evaluation tasks with examples for representative tasks. For

an efficient evaluation, we sample a maximum of 100 instances for each task, which results in 15,310 testing
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instances in total. The remaining tasks are used for training models.4.

Divided Tracks for English and X-lignual Tasks SUPERNI consists of tasks across multiple languages,

which enables evaluating the model’s generalization to unseen tasks not only in English but also in other

languages. Therefore, we divide our evaluation tasks into two tracks: one for English cross-task generaliza-

tion (119 tasks), and the other for cross-lingual cross-task generalization (35 tasks). To the best of our

knowledge, this is the first study in cross-lingual cross-task generalization (i.e., generalization to unseen tasks

in different languages). Fig. A.6 and Fig. A.7 in the appendix contains the evaluation tasks for each track.

Evaluation Metrics Due to the diversity of our tasks and the open-ended generation nature of our formula-

tion5, we adopt ROUGE-L [Lin, 2004] for reporting aggregated performance results. This is a soft string

overlap metric that can be applied to a wide range of text generation tasks. We show that the ranking from

this metric correlates well with accuracy for classification tasks in Appendix A.5. We also conduct human

evaluation in §2.5.4.

2.5.2 Baselines and Existing Models

Here we discuss a variety of baselines and competitive models for our target application. See Appendix A.4

for implementation details.

Heuristic baselines. We first evaluate the following heuristics to evaluate the possible shortcuts in the data.

Copying Demo Output copies the output of a random demonstration example. Since we balance the labels

for our test tasks, the performance of this baseline will roughly equal a random guess or a majority baseline

for classification tasks. Copying Instance Input copies the given instance input. This strategy performs

well on tasks where the target output largely overlaps with the input (e.g., question rewriting, grammar error

correction).

4To avoid data leakage, we exclude tasks from the training set if they are sourced from the same dataset as any test task. This
results in 757 training tasks for the English track and 1271 training tasks for the X-lingual Track

5Unlike Sanh et al. [2022]; Wei et al. [2022a] who evaluate their models on classification tasks via option ranking (i.e., scoring
the correct answer(s) higher than other candidate answers), we evaluate our models in an open-ended generation setting with no
task-specific assumptions. We believe this is a more realistic measure of generalization to unseen tasks.
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Methods ↓ / Evaluation→ English X-lingual

Heuristic
Baselines

Copying Instance Input 14.2 5.4
Copying Demo Output 28.5 50.3

Pretrained LMs
T5-LM (11B) 30.2 –
GPT3 (175B) 45.0 51.3

Instruction-tuned
Models

T0 (11B) 32.3 –
InstructGPT (175B) 52.1 52.8
Tk-INSTRUCT (ours, 11B) 62.0 –
mTk-INSTRUCT (ours, 13B) 57.1 66.1

Upper-bound (est.) Supervised Training 74.3 94.0

Table 2.3: The overall performance of different methods on unseen tasks in the test set of SUPERNI (§2.5.3).
We report ROUGE-L here as our aggregated metric.

Off-the-shelf pretrained language models. We evaluate existing LMs that are not fine-tuned with

instruction-specific data. Specifically, we evaluate T5-11B [Raffel et al., 2020], the “LM-adapted” ver-

sion that is further trained with language model objective [Lester et al., 2021]. Additionally, we evaluate

GPT3 [Brown et al., 2020b], a 175B-parameter autoregressive LM that has shown remarkable ability in

following demonstrations provided in its prompt.

Instruction-tuned models. In addition to our Tk-INSTRUCT (§2.4), we evaluate existing models that are

fine-tuned to follow language instructions. In particular, we evaluate InstructGPT [Ouyang et al., 2022] which

uses reinforcement learning to incorporate human preferences into a GPT3 pretrained model, and T0 [Sanh

et al., 2022] which finetunes T5 on a collection of task prompts in PROMPTSOURCE [Bach et al., 2022].

Upper bound estimates. We estimate an upper bound on models’ generalization to unseen tasks by fine-

tuning an oracle model on the tasks’ labeled instances. Since this model observes the hidden instances

of the evaluation tasks, it is, by definition, an estimated upper bound to our generalization-based models.

Specifically, we fine-tune a T5-11B model on the 119 English evaluation tasks, and a mT5-13B model on the

35 non-English tasks, with 1K training instances per task. Since this model observes the evaluation tasks, it

is, by definition, an upper bound to our generalization-based models.
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Figure 2.3: Performance per evaluation task type. Tk-INSTRUCT consistently performs better than other
generalization-based methods on all task types, while there is still a sizable gap compared to supervised
training.

2.5.3 Main Results

Table 2.3 summarizes our overall benchmarking results. We use the same input encoding that contains the

most effective instructional elements (task definition and two positive examples) for all the methods. To

better understand models’ generalization to different tasks, we also break down the performance according

to the task categories in Fig. 2.3. We refer the reader to Appendix A.8 for more detailed analysis on each

individual task.

Instruction-tuning enables stronger generalization to unseen tasks. Generally instruction-tuned models

perform remarkably better compared to their untuned LM conterparts (Tk-INSTRUCT v.s. T5-LM, Instruct-

GPT v.s. GPT3) and heuristic baselines. This indicates models do learn to follow instructions by finetuning

on instruction data, and this can generalize to new instructions for unseen tasks. T0 is an exception, which is

only slightly better than T5-LM. We suspect this is because the style of prompting in T0’s training data is

very different from our style of instructions.

Our Tk-INSTRUCT outperforms InstructGPT. Our Tk-INSTRUCT and mTk-INSTRUCT models, which

are trained with a variety of tasks, generalize best to unseen tasks for both English and non-English tasks

in all evaluation task categories. InstructGPT also shows a great extent of generalization to our evaluation

tasks. However, we want to note it is not clear if InstructGPT’s training data overlaps with our evaluation

tasks since their data is unavailable.
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Figure 2.4: Scaling trends of models performance (§2.6.1) as a function of (a) the number of training tasks;
(b) the number of instances per training task; (c) model sizes. x-axes are in log scale. The linear growth of
model performance with exponential increase in observed tasks and model size is a promising trend.
Evidently, the performance gain from more instances is limited.

There is a sizable gap for improvement. Despite the impressive performance of current models, there is a

sizable gap between the generalization of instruction-based models and the supervised training approach,

leaving more room for improvement.

2.5.4 Human Evaluation
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Figure 2.5: Human evaluation vs. ROUGE-L (§2.5.4).

We additionally perform human evaluation which

is generally known to provide more accurate evalu-

ation, especially for open-ended generation tasks.

Specifically, we ask crowdworkers to indicate if

they prefer the predicted answer by the model or

the ground truth outputs for each instance (see Ap-

pendix A.2 for details). The resulting human eval-

uation metric indicates how often were model pre-

dictions rated as at least as good as our ground truth

labels. The theoretical upperbound of this metric is 100% when the model is rated at least as good as the

ground truth for all the instances. The results of human evaluation (shown in Fig. 2.5) align quite well with

our automatic metrics and confirm the human-perceived quality of our models.
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Testing Encoding →

Training Encoding ↓
Task ID Def Pos (1) Def

+ Pos (1) Pos (2)  Def
+ Pos (2) 

Def 
+ Pos (2) 
+ Neg (2) 

Def
+ Pos (2) 
+ Neg (2) 

+ Expl

Pos (4) Def 
+ Pos (4) Average

Task ID 21.2 33.3 16.8 30.9 23.0 33.7 33.9 31.6 26.0 36.4 33.9
Def 17.3 45.0 31.1 43.8 36.4 46.4 44.2 44.3 38.0 46.0 39.9

Pos (1) 10.9 22.1 43.9 47.8 46.6 49.2 46.2 43.4 46.6 49.5 43.1
Def + Pos (1) 11.1 42.2 43.8 52.4 47.4 53.3 53.1 51.8 47.8 53.7 44.5

Pos (2)  12.7 22.4 47.1 50.2 49.3 52.3 50.6 46.7 49.8 52.4 45.0
Def + Pos (2) 12.4 42.1 44.5 52.4 49.0 54.3 53.5 52.7 50.3 54.8 46.4

Def + Pos (2) + Neg (2)  14.0 42.3 43.6 51.8 48.6 53.5 54.3 50.2 49.6 53.8 45.9
Def + Pos (2) + Neg (2) + Expl 15.4 42.0 43.8 50.7 47.6 51.9 52.5 52.6 48.6 52.2 44.3

Pos (4) 11.0 23.9 45.6 49.8 49.0 51.7 49.5 47.5 49.8 51.3 44.5
Definition  + Pos (4) 11.0 42.4 44.3 51.9 48.7 53.7 53.4 50.6 50.5 53.5 46.0

Table 2.4: Performance (ROUGE-L) of models trained and evaluated with various encodings. Diagonal
numbers (underlined) represent performances of models trained and evaluated with the same instruction
encoding. Each encoding is a combination of the elements in the instructions (Fig. 2.1). Task ID is a short
string composed of dataset name and task category; Def represents the task definition; Pos (k) represents k
positive examples; Neg (k) represents k negative examples; Expl represents explanation. These results (a)
show the gains from various instructional elements, and (b) indicate surprising reliability of the models
to various input encoding. Specifically, a model trained with definition and positive examples (e.g., the last
row) remains robust for different encodings.

2.6 Further Analysis

We conduct further analysis to understand the important factors for models to generalize across tasks. Due to

the computational cost, this analysis is done on the English track and using the T5-3B checkpoint, except for

the experiments on model sizes.

2.6.1 Scaling Trends of Generalization

We study Tk-INSTRUCT’s generalization performance with respect to three scaling factors: the number of

training tasks, the number of instances per task, and the model sizes. Fig. 2.4 presents the performance

change by scaling each of them.

More observed tasks improve the generalization. We fine-tune Tk-INSTRUCT with different numbers

of tasks that are randomly sampled from the whole training set (Fig. 2.4a). The model generalization

performance grows log-linearly6 as we increase the set of tasks used for training. Previous work [Mishra

et al., 2022b; Sanh et al., 2022; Wei et al., 2022a] has made similar observations on a much smaller scale,

while we show that this trend holds even with 757 diverse training tasks.

6A linear function of an exponential increase of parameters, i.e., growth at a constant multiplicative rate.
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A large number of training instances do not help generalization. We then vary the number of instances

per task that are used for finetuning (Fig. 2.4b). While the conventional wisdom in supervised learning is

that more training instances usually helps [Banko and Brill, 2001; Sun et al., 2017; Hestness et al., 2017], in

our setup, the model’s performance saturates when only 64 instances per task are used for training. A large

number of training instances would instead lead to longer training time and risk overfitting to the training

tasks.

Tuning larger models with instructions consistently lead to gains. We study the effect of model scaling

by initializing Tk-INSTRUCT from different sizes of pretrained T5 checkpoints, including the small, base,

large, xl and xxl sizes (Fig. 2.4c). We found that increasing the model sizes consistently bring significant

improvement (log-linearly with parameter size). This finding contradicts the claim in Xu et al. [2022] that

“model size has little impact on performance with an extremely large number of tasks.” Combining Fig. 2.4

(a) and Fig. 2.4 (c), one can create a correspondence between model size and task size. For example, a

T5-large model trained with 757 tasks can achieve comparable performance (48.0 ROUGE-L) to the T5-3B

model trained with 128 tasks (48.4 ROUGE-L), indicating that increasing the diversity of training tasks is an

alternative to scaling models sizes.

2.6.2 Instructing with Different Elements

We evaluate the performance of Tk-INSTRUCT under different instructional elements.

Benefit of different instructional elements. As shown in Fig. 2.1, SUPERNI provides multiple elements

for instructing a task. We train multiple models with different combinations of these elements. The

diagonal cells of Table 2.4 show the performance of our models when trained and evaluated on a particular

instruction encoding. Based on the diagonal numbers, including the task definition is necessary for the

model to successfully generalize. Moreover, combining the task definition with examples yields significant

improvement. However, adding more demonstration examples is negligible. Negative examples help a little

bit; explanations decrease performance, which is consistent with the observations of Mishra et al. [2022b]

and Lampinen et al. [2022] when the model is not large enough. Future work can explore whether more

powerful models can benefit from these elements.
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Generalization to different input encodings. We further investigate whether a model trained on a particular

encoding can generalize to other encodings. This can be read from the non-diagonal cells of Table 2.4.

The negative result here is that definition-only models cannot generalize to example-only test encodings;

and similarly, example-only models cannot generalize to definition-only test encodings either. However,

models trained on encodings that contain both definition and examples are surprisingly robust across different

encoding variations.

2.7 Discussion & Future Work

While the presented data offers a notable variety (e.g., diverse task types), its underlying distributions suffer

from skews, which should be addressed in future work (see Appendix A.6). On language diversity, the

proposed benchmark is biased toward English. On output diversity, the collected tasks are generally still

skewed to short responses, reflecting which might reflect the distribution of the available tasks in the field.

This under-presentation of the long-tail of tasks poses a challenge for building general-purpose models in the

future. We hope future work addresses such distributional imbalances. Moreover, we see natural extensions

of the instruction-following setup here in the context of other modalities such as vision or speech.

Automatic evaluation of models’ performance is another challenge, considering the diverse set of tasks in

our benchmark, and many of them being open-ended generation tasks. We use ROUGE-L as an aggregated

metric in this paper and find it as a good proxy for the overall performance of the models, aligning well with

human evaluation. However, there do exist specific tasks for which ROUGE-L might not serve as an effective

proxy of quality (such as rewriting tasks or error correction tasks where copying the input can result in a high

ROUGE-L score). We hope these issues will be addressed with the development of more powerful evaluation

metrics for text generation.

In terms of computing power, we have tried to experiment with models that were accessible to us and

we will make the resulting models publicly available so that the future readers do not need to spend energy

repeating our work. We also acknowledge that there are larger models that we were not able to train due to

the limitations on our computational budget.
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2.8 Summary

We construct a large-scale benchmark consisting of a diverse set of NLP tasks and their instructions. This

benchmark can serve as a rich playground for training or evaluation of models that can generalize to unseen

tasks by following instructions. Furthermore, we train Tk-INSTRUCT using this data, and demonstrate its

capability to perform unseen tasks to a surprising extent. We provide extensive analysis to understand the

important factors for such generalization.
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Chapter 3

Synthesizing Training Data with Models

3.1 Overview

As is introduced in the last chapter, instruction tuning is an effective approach for steering language models

to generalize across many tasks. The success of instruction tuning is powered by two key components: large

pretrained language models (LM) and human-written instruction data [Mishra et al., 2022b; Wei et al., 2022a;

Sanh et al., 2022; Wang et al., 2022b; Ouyang et al., 2022; Longpre et al., 2023a, i.a.]. However, collecting

such instruction data is costly and often suffers from limited diversity given that most human generations tend

to be popular NLP tasks, falling short of covering a true variety of tasks and different ways to describe them.

Continuing to improve the quality and coverage of instruction-tuned models necessitates the development of

alternative approaches for supervising the instruction tuning process.

In this chapter, we introduce SELF-INSTRUCT, a semi-automated process for instruction-tuning a pre-

trained LM using instructional signals from the model itself. The overall process is an iterative bootstrapping

algorithm (see Figure 3.1), which starts off with a limited (e.g., 175 in our study) seed set of manually-written

tasks that are used to guide the overall generation. In the first phase, the model is prompted to generate instruc-

tions for new tasks. This step leverages the existing collection of instructions to create more broad-coverage

instructions that define (often new) tasks. Given the newly-generated set of instructions, the framework

also creates input-output instances for them, which can be later used for supervising the instruction tuning.

Finally, various heuristics are used to automatically filter low-quality or repeated instructions, before adding
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175 seed tasks with
1 instruction and

1 instance per task

Task Pool Step 1: Instruction Generation

No

Step 4: Filtering

Output-first

Input-first

Step 2: Classification
Task Identification

Step 3: Instance Generation

Instruction : Give me a quote from a 
famous person on this topic.

Task

Yes

Task

Instruction : Give me a quote from a famous person on this topic.

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson

Task

Task

Instruction : Find out if the given text is in favor of or against abortion.

Class Label: Pro-abortion
Input: Text: I believe that women should have the right to choose whether or not
they want to have an abortion.

Task

LM LM

LM

🤖 🤖

🤖

Figure 3.1: A high-level overview of SELF-INSTRUCT. The process starts with a small seed set of tasks
as the task pool. Random tasks are sampled from the task pool, and used to prompt an off-the-shelf LM
to generate both new instructions and corresponding instances, followed by filtering low-quality or similar
generations, and then added back to the initial repository of tasks. The resulting data can be used for the
instruction tuning of the language model itself later to follow instructions better. Tasks shown in the figure
are generated by GPT3.

the remaining valid tasks to the task pool. This process can be repeated for many iterations until reaching a

large number of tasks.

To evaluate SELF-INSTRUCT empirically, we run this framework on GPT3 [Brown et al., 2020a], which

is a vanilla LM (§3.4). The iterative SELF-INSTRUCT process on this model leads to about 52k instructions,

paired with about 82K instance inputs and target outputs. We observe that the resulting data provides a

diverse range of creative tasks, as is demonstrated by examples in Figure 3.2. These generated tasks deviate

from the distribution of typical NLP tasks, and also have fairly small overlap with the seed tasks (§3.4.2). On

this resulting data, we build GPT3SELF-INST by finetuning GPT3 (i.e., the same model used for generating the

instruction data). We evaluate GPT3SELF-INST in comparison to various other models on both typical NLP

tasks included in SUPERNI [Wang et al., 2022b], and a set of new instructions that are created for novel

usage of instruction-following models (§3.5). The results indicate that GPT3SELF-INST outperforms GPT3

(the original model) by a large margin (+33.1%) and nearly matches the performance of InstructGPT001.

Moreover, our human evaluation on the newly-created instruction set shows that GPT3SELF-INST demonstrates

a broad range of instruction following ability, outperforming models trained on other publicly available
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Instruction: Write a letter from the perspective 
of a cat.
Input: Null
Output:
Dear [Owner], I am writing to you today because I 
have a problem. You see, I’ve been living with you 
for the past [Number of Years] and I love it here. 
The food is great, the bed is comfy, and there are 
plenty of toys to play with. But lately, I’ve 
noticed that you’re not as affectionate towards 
me as you used to be. In fact, sometimes 
when I try to cuddle up next to you on the
couch, you push me away ...

Instruction: I am looking for a job and I need to 
fill out an application form. Can you please help 
me complete it?
Input:
Application Form:
Name:_________ Age:__________ Sex:________
Phone Number:______ Email Address:________
Education:___________________ ...
Output:
Name: John Doe Age: 25 Sex: Male
Phone Number: ...

Instruction: How to write a code for converting 
degrees fahrenheit to celsius.
Input: Null
Output:
def convert_fahrenheit_to_celsius(fahr):

celsius = (fahr - 32) * 5 / 9
return celsius

Instruction: Given an address and city, come up 
with the zip code.
Input:
Address: 123 Main Street, City: San Francisco
Output: 94105

Figure 3.2: Selected tasks from the generated in-
struction data using vanilla GPT3. Some texts are
reformatted for presentation. See Table B.7 for more
examples.

instruction datasets and leaving only a 5% gap behind

InstructGPT001
1.

In summary, our contributions are: (1) we in-

troduce SELF-INSTRUCT, a method for inducing in-

struction following capabilities with minimal human-

labeled data; (2) we demonstrate its effectiveness via

extensive instruction-tuning experiments; and (3) we

release a large synthetic dataset of 52K instructions

and a set of manually-written novel tasks for building

and evaluating future instruction-following models.

3.2 Background

Instruction-following LMs. A series of works have

found evidence that vanilla LMs can be effective at

following general language instructions if tuned with

annotated “instructional” data—datasets containing

language instructional commands and their desired

outcomes based on human annotation [Weller et al.,

2020; Mishra et al., 2022b; Wei et al., 2022a; Sanh

et al., 2022, i.a.]. Additionally, they show a direct

correlation between the size and diversity of the “instructional” data and the generalizability of resulting

models to unseen tasks [Wang et al., 2022b; Chung et al., 2022]. However, since these developments largely

focus on existing NLP tasks and depend on human-annotated instructions, this poses a bottleneck for progress

toward more generalizable models. Our work aims to move beyond classical NLP tasks and tackle the

challenges of creating diverse instruction data by employing pretrained LMs. InstructGPT [Ouyang et al.,

2022] shares a similar goal as ours in building more general-purpose LMs, and has demonstrated remarkable

1Unless otherwise specified, our comparisons are with text-davinci-001 engine. We focus on this engine since it is the closest
to our experimental setup: supervised finetuning with human demonstrations. The newer engines are more powerful, though use
more data (e.g., code or latest user queries) or algorithms (e.g., PPO) that are difficult to compare with.
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performance in following diverse user instructions. However, as a commercial system, their construction

process still remains quite opaque. In particular, the role of data has remained understudied due to limited

transparency and the private user data they used in their study. Addressing such challenges necessitates the

creation of a large-scale, public dataset covering a broad range of tasks.

Language models for data generation and augmentation. A variety of works have proposed using LMs

for data generation [Schick and Schütze, 2021; Wang et al., 2021; Liu et al., 2022; Meng et al., 2022] or

augmentation [Feng et al., 2021; Yang et al., 2020; Mekala et al., 2022]. Our work differs from this line in that

it is not specific to a particular task (say, QA or NLI). In contrast, a distinct motivation for SELF-INSTRUCT

is to bootstrap new task definitions that may not have been defined before by NLP practitioners (though

potentially still important for real users). In parallel with our work, Honovich et al. [2022a] also proposed

to generate large-scale instruction data (so-called Unnatural Instructions) with GPT3 models. The major

differences are that 1) they use tasks in SUPERNI as their seed tasks, resulting in a different distribution of

generated tasks; 2) they employ InstructGPT002 for generating the data, in which sense they are distilling

knowledge from an already instruction-tuned model, while we solely rely on the vanilla LM; 3) the detailed

generation pipeline and templates are different. Nevertheless, we believe that both efforts in expanding

instruction data are complementary, and the community will benefit from these diverse datasets.

Instruction generation. A series of recent works [Zhou et al., 2022b; Ye et al., 2022; Singh et al., 2022;

Honovich et al., 2022b] generate instructions of a task given a few examples. While SELF-INSTRUCT also

involves instruction generation, a major difference in our case is it is task-agnostic; we generate new tasks

(instructions along with instances) from scratch.

Model self-training. A typical self-training framework [He et al., 2019; Xie et al., 2020; Du et al., 2021;

Amini et al., 2022; Huang et al., 2022] uses trained models to assign labels to unlabeled data and then

leverages the pseudo-labeled data to improve the model. Zhou et al. [2022a] use multiple prompts to specify

a single task and propose to regularize via prompt consistency, encouraging consistent predictions over the

prompts. This allows either finetuning the model with extra unlabeled training data, or direct application at

inference time. While SELF-INSTRUCT has similarities with the self-training literature, most self-training
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methods assume a specific target task as well as unlabeled examples under it; in contrast, SELF-INSTRUCT

produces a variety of tasks from scratch.

Knowledge distillation. Knowledge distillation [Hinton et al., 2015; Sanh et al., 2019; West et al., 2021;

Magister et al., 2022] often involves the transfer of knowledge from larger models to smaller ones. SELF-

INSTRUCT can also be viewed as a form of “knowledge distillation", however, it differs from this line in the

following ways: (1) the source and target of distillation are the same, i.e., a model’s knowledge is distilled to

itself; (2) the content of distillation is in the form of an instruction task (i.e., instructions that define a task,

and a set of examples that instantiate it).

Bootstrapping with limited resources. A series of recent works use language models to bootstrap some

inferences using specialized methods. NPPrompt [Zhao et al., 2022] provides a method to generate predictions

for semantic labels without any finetuning. It uses a model’s own embeddings to automatically find words

relevant to the label of the data sample and hence reduces the dependency on manual mapping from model

prediction to label (verbalizers). STAR [Zelikman et al., 2022] iteratively leverages a small number of

rationale examples and a large dataset without rationales, to bootstrap a model’s ability to perform reasoning.

Self-Correction [Welleck et al., 2022] decouples an imperfect base generator (model) from a separate corrector

that learns to iteratively correct imperfect generations and demonstrates improvement over the base generator.

Our work instead focuses on bootstrapping new tasks in the instruction paradigm.

Multi-modal instruction-following. Instruction-following models have also been of interest in the multi-

modal learning literature [Fried et al., 2018; Shridhar et al., 2020; Min et al., 2022b; Weir et al., 2022].

SELF-INSTRUCT, as a general approach to expanding data, can potentially also be helpful in those settings,

which we leave to future work.

3.3 Self-Instruct Pipeline

Annotating large-scale instruction data can be challenging for humans because it requires 1) creativity to

come up with novel tasks and 2) expertise for writing the solutions to each task. Here, we detail our process

for SELF-INSTRUCT, which refers to the pipeline of generating tasks with a vanilla pretrained language
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model itself, filtering the generated data, and then conducting instruction tuning with this generated data in

order to align the LM to follow instructions better. This pipeline is depicted in Figure 3.1.

3.3.1 Defining Instruction Data

The instruction data we want to generate contains a set of instructions {It}, each of which defines a task

t in natural language. Task t has nt ≥ 1 input-output instances {(Xt,i, Yt,i)}nt
i=1. A model M is expected

to produce the output, given the task instruction and the corresponding input: M(It, Xt,i) = Yt,i, for

i ∈ {1, . . . , nt}. Note that the instruction and instance input does not have a strict boundary in many cases.

For example, “write an essay about school safety” can be a valid instruction that we expect models to respond

to directly, while it can also be formulated as “write an essay about the following topic” as the instruction, and

“school safety” as an instance input. To encourage the diversity of the data format, we allow such instructions

that do not require additional input (i.e., X is empty).

3.3.2 Automatic Instruction Data Generation

Our pipeline for data generation consists of four steps: 1) generating task instructions, 2) determining if the

instruction represents a classification task, 3) instance generation with either an input-first or output-first

approach, and 4) filtering low-quality data.

Instruction Generation. At the first step, SELF-INSTRUCT generates new instructions from a small set

of seed human-written instructions in a bootstrapping fashion. We initiate the task pool with 175 tasks (1

instruction and 1 instance for each task).2 For every step, we sample 8 task instructions from this pool

as in-context examples. Of the 8 instructions, 6 are from the human-written tasks, and 2 are from the

model-generated tasks in previous steps to promote diversity. The prompting template is shown in Table B.2.

Classification Task Identification. Because we need two different approaches for classification and non-

classification tasks, we next identify whether the generated instruction represents a classification task or

not.3 We prompt the LM in a few-shot way to determine this, using 12 classification instructions and 19

2These tasks were newly written by the authors and their labmates at UW, without reference to existing datasets or the test set
used in this work. We provide more details about these tasks and analyze their similarity to the test tasks in Appendix §B.1.1.

3More concretely, we regard tasks that have a small limited output label space as classification tasks.
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non-classification instructions from the seed tasks. The prompting template is shown in Table B.3.

Instance Generation. Given the instructions and their task type, we generate instances for each instruction

independently. This is challenging because it requires the model to understand what the target task is, based

on the instruction, figure out what additional input fields are needed and generate them, and finally complete

the task by producing the output. We found that pretrained LMs can achieve this to a large extent when

prompted with instruction-input-output in-context examples from other tasks. A natural way to do this is

the Input-first Approach, where we can ask an LM to come up with the input fields first based on the

instruction, and then produce the corresponding output. This generation order is similar to how models are

used to respond to instruction and input, but here with in-context examples from other tasks. The prompting

template is shown in Table B.4.

However, we found that this approach can generate inputs biased toward one label, especially for

classification tasks (e.g., for grammar error detection, it usually generates grammatical input). Therefore, we

additionally propose an Output-first Approach for classification tasks, where we first generate the possible

class labels, and then condition the input generation on each class label. The prompting template is shown in

Table B.5.4 We apply the output-first approach to the classification tasks identified in the former step, and the

input-first approach to the remaining non-classification tasks.

Filtering and Postprocessing. To encourage diversity, a new instruction is added to the task pool only

when its ROUGE-L similarity with any existing instruction is less than 0.7. We also exclude instructions that

contain some specific keywords (e.g., image, picture, graph) that usually can not be processed by LMs. When

generating new instances for each instruction, we filter out instances that are exactly the same or those with

the same input but different outputs. Invalid generations are identified and filtered out based on heuristics

(e.g., instruction is too long or too short, instance output is a repetition of the input).

4In this work, we use a fixed set of seed tasks for prompting the instance generation, and thus only generate a small number of
instances per task in one round. Future work can use randomly sampled tasks to prompt the model to generate a larger number of
instances in multiple rounds.
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Figure 3.3: The top 20 most common root verbs (inner
circle) and their top 4 direct noun objects (outer circle) in
the generated instructions. Despite their diversity, the in-
structions shown here only account for 14% of all the gener-
ated instructions because many instructions (e.g., “Classify
whether the user is satisfied with the service.”) do not con-
tain such a verb-noun structure.
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3.3.3 Finetuning the LM to Follow Instructions

After creating large-scale instruction data, we use it to finetune the original LM (i.e., SELF-INSTRUCT). To

do this, we concatenate the instruction and instance input as a prompt and train the model to generate the

instance output in a standard supervised way. To make the model robust to different formats, we use multiple

templates to encode the instruction and instance input together. For example, the instruction can be prefixed

with “Task:” or not, the input can be prefixed with “Input:” or not, “Output:” can be appended at the end of

the prompt or not, and different numbers of break lines can be put in the middle, etc.
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3.4 Synthesized Data from GPT3

In this section, we apply our method for inducing instruction data to GPT3 as a case study. We use the largest

GPT3 LM (“davinci” engine) accessed through the OpenAI API.5 The parameters for making queries are

described in Appendix B.1.2. Here we present an overview of the generated data.

3.4.1 Statistics

Table 3.1 describes the basic statistics of the generated data. We generate a total of over 52K instructions and

more than 82K instances corresponding to these instructions after filtering.

statistic

# of instructions 52,445
- # of classification instructions 11,584
- # of non-classification instructions 40,861

# of instances 82,439
- # of instances with empty input 35,878

ave. instruction length (in words) 15.9
ave. non-empty input length (in words) 12.7
ave. output length (in words) 18.9

Table 3.1: Statistics of the generated data by applying SELF-INSTRUCT to GPT3.

3.4.2 Diversity

To study what types of instructions are generated and how diverse they are, we identify the verb-noun structure

in the generated instructions. We use the Berkeley Neural Parser6 [Kitaev and Klein, 2018; Kitaev et al.,

2019] to parse the instructions and then extract the verb that is closest to the root as well as its first direct

noun object. 26,559 out of the 52,445 instructions contain such structure; other instructions usually contain

more complex clauses (e.g., “Classify whether this tweet contains political content or not.”) or are framed as

questions (e.g., “Which of these statements are true?”). We plot the top 20 most common root verbs and their

top 4 direct noun objects in Figure 3.3, which account for 14% of the entire set. Overall, we see quite diverse

intents and textual formats in these instructions.

5https://openai.com/api/
6https://parser.kitaev.io/
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We further study how the generated instructions differ from the seed instructions used to prompt the

generation. For each generated instruction, we compute its highest ROUGE-L overlap with the 175 seed

instructions. We plot the distribution of these ROUGE-L scores in Figure 3.4. The results indicate a decent

number of new instructions were generated, which do not have much overlap with the seeds. We also

demonstrate diversity in the length of the instructions, instance inputs, and instance outputs in Figure 3.5.

3.4.3 Quality

Quality Review Question Yes %

Does the instruction
describe a valid task? 92%

Is the input appropriate
for the instruction? 79%

Is the output a correct and acceptable
response to the instruction and input? 58%

All fields are valid 54%

Table 3.2: Data quality review for the instruction, in-
put, and output of the generated data.

So far, we have shown the quantity and diversity of

the generated data, but its quality remains uncertain.

To investigate this, we randomly sample 200 instruc-

tions and randomly select 1 instance per instruction.

We asked an expert annotator (author of this work)

to label whether each instance is correct or not, in

terms of the instruction, the instance input, and the

instance output. Evaluation results in Table 3.2 show

that most of the generated instructions are meaning-

ful, while the generated instances may contain more

noise (to a reasonable extent). However, we found that even though the generations may contain errors, most

of them are still in the correct format or partially correct, which can provide useful guidance for training

models to follow instructions. We listed a number of good examples and bad examples in Table B.7 and B.8,

respectively.

3.5 Results

We conduct experiments to measure and compare the performance of models under various instruction tuning

setups. We first describe our models and other baselines, followed by our experiments.

52



3.5.1 GPT3SELF-INST: a self-instructed GPT3 model

Given the instruction-generated instruction data, we conduct instruction tuning with the GPT3 model itself

(“davinci” engine). As described in §3.3.3, we use various templates to concatenate the instruction and input,

and train the model to generate the output. This finetuning is done through the OpenAI finetuning API.7 We

use the default hyper-parameters, except that we set the prompt loss weight to 0, and we train the model for

2 epochs. We refer the reader to Appendix B.1.3 for additional finetuning details. The resulting model is

denoted by GPT3SELF-INST.

3.5.2 Baselines

Off-the-shelf LMs. We evaluate T5-LM [Lester et al., 2021; Raffel et al., 2020] and GPT3 [Brown et al.,

2020a] as the vanilla LM baselines (only pretraining, no additional finetuning). These baselines will indicate

the extent to which off-the-shelf LMs are capable of following instructions naturally immediately after

pretraining.

Publicly available instruction-tuned models. T0 and Tk-INSTRUCT are two instruction-tuned models

proposed in Sanh et al. [2022] and Wang et al. [2022b], respectively, and are demonstrated to be able to

follow instructions for many NLP tasks. Both of these models are finetuned from the T5 [Raffel et al., 2020]

checkpoints and are publicly available.8 For both of these models, we use their largest version with 11B

parameters.

Instruction-tuned GPT3 models. We evaluate InstructGPT [Ouyang et al., 2022], which is developed by

OpenAI based on GPT3 to follow human instructions better and has been found by the community to have

impressive zero-shot abilities. There are various generations of these models, where newer ones use more

expansive data or algorithmic novelties.9 For our SUPERNI experiments in §3.5.3, we only compare with

their text-davinci-001 engine, because their newer engines are trained with the latest user data and are

likely to have already seen the SUPERNI test set. For our human evaluation on newly written instructions, we

include their 001, 002 and 003 engines for completeness.
7See OpenAI’s documentation on finetuning.
8T0 is available at here and Tk-INSTRUCT is here.
9See OpenAI’s documentation on their models.
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Model # Params ROUGE-L

Vanilla LMs
T5-LM 11 B 25.7
GPT-3 175 B 6.8

Instruction-tuned without Super-NI
T0 11 B 33.1
GPT-3 + T0 training 175 B 37.9
GPT-3 + Self-Instruct (ours) 175 B 39.9
InstructGPT-001 175 B 40.8

Instruction-tuned with Super-NI
TK-Instruct 11 B 46.0
GPT-3 + Super-NI training 175 B 49.5
GPT-3 + Self-Instruct + Super-NI (ours) 175 B 51.6

Table 3.3: Evaluation results on unseen tasks from Super-NI.

Additionally, to compare SELF-INSTRUCT training with other publicly available instruction tuning data,

we further finetune GPT3 model with data from PROMPTSOURCE and SUPERNI, which are used to train

the T0 and Tk-INSTRUCT models. We call them T0 training and SUPERNI training for short, respectively.

To save the training budget, we sampled 50K instances (but covering all their instructions) for each dataset,

which has a comparable size to the instruction data we generated. Based on the findings from Wang et al.

[2022b] and our early experiments, reducing the number of instances per task does not degrade the model’s

generalization performance to unseen tasks.

3.5.3 Zero-Shot Generalization on SUPERNI benchmark

We first evaluate the models’ ability to follow instructions on typical NLP tasks in a zero-shot fashion. We

use the evaluation set of SUPERNI, which consists of 119 tasks with 100 instances in each task. In this

work, we mainly focus on the zero-shot setup, i.e., the model is prompted with the definition of the tasks

only, without in-context demonstration examples. For all our requests to the GPT3 variants, we use the

deterministic generation mode (temperature as 0 and no nucleus sampling) without specific stop sequences.

Results. We make the following observations from the results in Table 3.3. SELF-INSTRUCT boosts the

instruction-following ability of GPT3 by a large margin. The vanilla GPT3 model basically cannot follow
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Figure 3.6: Performance of GPT3 model and its instruction-tuned variants, evaluated by human experts on
our 252 user-oriented instructions (§3.5.4). Human evaluators are instructed to rate the models’ responses
into four levels. The results indicate that GPT3SELF-INST outperforms all the other GPT3 variants trained on
publicly available instruction datasets. Additionally, GPT3SELF-INST scores nearly as good as InstructGPT001
(cf. Figure 1).

human instructions at all. Upon manual analysis, we find that it usually generates irrelevant and repetitive

text, and does not know when to stop generation. Compared with other models that are not specifically

trained for SUPERNI, GPT3SELF-INST achieves better performance than T0 or the GPT3 finetuned on the T0

training set, which takes tremendous human labeling efforts. Notably, GPT3SELF-INST also nearly matches the

performance of InstructGPT001, which is trained with private user data and human-annotated labels.

Models trained on the SUPERNI training set still achieve better performance on its evaluation set, which

we attribute to the similar instruction style and formatting. However, we show that SELF-INSTRUCT still

brings in additional gains when combined with the SUPERNI training set, proving its value as complementary

data.

3.5.4 Generalization to User-oriented Instructions on Novel Tasks

Despite the comprehensiveness of SUPERNI in collecting existing NLP tasks, most of these NLP tasks were

proposed for research purposes and skewed toward classification. To better access the practical value of

instruction-following models, a subset of the authors curate a new set of instructions motivated by user-

oriented applications. We first brainstorm various domains where large LMs may be useful (e.g., email

writing, social media, productivity tools, entertainment, programming), then craft instructions related to
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each domain along with an input-output instance (again, input is optional). We aim to diversify the styles

and formats of these tasks (e.g., instructions may be long or short; input/output may take the form of bullet

points, tables, codes, equations, etc.). In total, we create 252 instructions with 1 instance per instruction. We

believe it can serve as a testbed for evaluating how instruction-based models handle diverse and unfamiliar

instructions. Table B.6 presents a small portion of them. The entire set is available in our GitHub repository.

We analyze the overlap between this set and the seed instructions in §B.1.1.

Human evaluation setup. Evaluating models’ performance on this evaluation set of diverse tasks is

extremely challenging because different tasks require different expertise. Indeed, many of these tasks cannot

be measured by automatic metrics or even be judged by normal crowdworkers (e.g., writing a program or

converting first-order logic into natural language). To get a more faithful evaluation, we asked the authors of

the instructions to judge model predictions. Details on how we set up this human evaluation are described in

Appendix B.2. The evaluators were asked to rate the output based on whether it accurately and effectively

completes the task. We implemented a four-level rating system for categorizing the quality of models’

outputs:

• RATING-A: The response is valid and satisfying.

• RATING-B: The response is acceptable but has minor errors or imperfections.

• RATING-C: The response is relevant and responds to the instruction, but it has significant errors in

the content. For example, GPT3 might generate a valid output first, but continue to generate other

irrelevant things.

• RATING-D: The response is irrelevant or completely invalid.

Results. Figure 3.6 shows the performance of GPT3 model and its instruction-tuned counterparts on this

newly written instruction set (w. inter-rater agreement κ = 0.57 on the 4-class categorical scale, see Appendix

B.2 for details). As anticipated, the vanilla GPT3 LM is largely unable to respond to instructions, and all

instruction-tuned models demonstrate comparatively higher performance. Nonetheless, GPT3SELF-INST (i.e.,

GPT3 model finetuned with SELF-INSTRUCT) outperforms those counterparts trained on T0 or SUPERNI
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data by a large margin, demonstrating the value of the generated data despite the noise. Compared with

InstructGPT001, GPT3SELF-INST is quite close in performance—if we count acceptable responses with minor

imperfections (RATING-B) as valid, GPT3SELF-INST is only 5% behind InstructGPT001. Lastly, our evaluation

confirms the impressive instruction-following ability of InstructGPT002 and InstructGPT003. Although there

are many factors behind this success, we conjecture that future work can largely benefit from improving

the quality of our generated data by using human annotators or training a reward model to select better

generations, similar to the algorithm used by Ouyang et al. [2022].

3.5.5 Effect of Data Size and Quality
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Figure 3.7: Human evaluation performance of
GPT3SELF-INST models tuned with different sizes of
instructions. x-axis is in log scale. The smallest size
is 175, where only the seed tasks are used for instruc-
tion tuning. We also evaluate whether improving
the data quality further improves the performance by
distilling the outputs from InstructGPT003. We see
consistent improvement from using larger data with
better quality.

Data size. SELF-INSTRUCT provides a way to grow

instruction data at a low cost with almost no human

labeling; could more of this generated data lead to bet-

ter instruction-following ability? We analyze the size

of generated data by subsampling different numbers

of instructions from the generated dataset, finetuning

GPT3 on the sampled subsets, and evaluating how the

resulting models perform on the 252 user-oriented in-

struction set. We conduct the same human evaluation

as in §3.5.4. Figure 3.7 presents the performance of

GPT3SELF-INST models finetuned with different sizes

of generated data. Overall, we see consistent improve-

ment as we grow the data size. However, this improve-

ment almost plateaus after 16K. This is in line with

the data scaling experiments in the previous chapter

(§2.6). Interestingly, when evaluating on SUPERNI we found the model’s performance gain plateaus earlier

at around hundreds of instructions. This may be due to the fact that the newly generated data is distinct from

typical NLP tasks in SUPERNI, indicating that future research may benefit from using a combination of

different instruction data for better performance on various types of tasks.
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Data quality. Another direction to improve the model’s performance is to take our generated data and

get better supervision (with less noise). We explore this idea by using InstructGPT003 (the best available

general-purpose model) to regenerate the output field of all our instances given the instruction and input. We

then use this improved version of our data to finetune GPT3. As is shown in Figure 3.7, the resulting model

outperforms the counterpart trained with the original data by 10%, which suggests big room for future work

on using our generation pipeline to get initial data and then improving the data quality with human experts or

distillation from better models.

3.6 Discussion & Future work

Here, we discuss some limitations of this work to inspire future research in this direction.

Tail phenomena. SELF-INSTRUCT depends on LMs, and it will inherit all the limitations that carry over

with LMs. As recent studies have shown [Razeghi et al., 2022; Kandpal et al., 2022], tail phenomena pose a

serious challenge to the success of LMs. In other words, LMs’ largest gains correspond to the frequent uses

of languages (head of the language use distribution), and there might be minimal gains in the low-frequency

contexts. Similarly, in the context of this work, it would not be surprising if the majority of the gains by

SELF-INSTRUCT are skewed toward tasks or instructions that present more frequently in the pretraining

corpus. As a consequence, the approach might show brittleness with respect to uncommon and creative

instructions.

Dependence on large models. Because of SELF-INSTRUCT’s dependence on the inductive biases extracted

from LMs, it might work best for larger models. If true, this may create barriers to access for those who may

not have large computing resources. We hope future studies will carefully study the gains as a function of

model size or various other parameters. It is worthwhile to note that instruction-tuning with human annotation

also suffers from a similar limitation: gains of instruction-tuning are higher for larger models [Wei et al.,

2022a].

Reinforcing LM biases. A point of concern for the authors is the unintended consequences of this iterative

algorithm, such as the amplification of problematic social biases (stereotypes or slurs about gender, race, etc.).
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Relatedly, one observed challenge in this process is the algorithm’s difficulty in producing balanced labels,

which reflected models’ prior biases. We hope future work will lead to better understanding of the pros and

cons of the approach.

3.7 Summary

We introduce SELF-INSTRUCT, a method to improve the instruction-following ability of LMs via their own

generation of instruction data. On experimenting with vanilla GPT3, we automatically construct a large-scale

dataset of 52K instructions for diverse tasks, and finetuning GPT3 on this data leads to a 33% absolute

improvement on SUPERNI over the original GPT3. Furthermore, we curate a set of expert-written instructions

for novel tasks. Human evaluation on this set shows that tuning GPT3 with SELF-INSTRUCT outperforms

using existing public instruction datasets by a large margin and performs closely to InstructGPT001. We hope

SELF-INSTRUCT can serve as the first step to align pretrained LMs to follow human instructions, and future

work can build on top of this data to improve instruction-following models.
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Chapter 4

Routing Annotations betwen Human and AI

4.1 Overview

Reinforcement learning from human feedback [Christiano et al., 2017] has been integral to the alignment

of large language models (LMs) with human objectives and values [Ouyang et al., 2022; Bai et al., 2022a,

inter alia]. Central to this process are preference datasets, i.e., input instances to language models paired

with candidate model outputs and human judgment annotations indicating the preferred output. Collecting

preference data involves several key design decisions, and one important consideration is determining the

source of preference annotations [Kirk et al., 2023, 2024]. This choice impacts not only the cost and effort

required to procure these annotations, but also the performance of models trained on them.

There are two major approaches to obtain preference annotations. One approach is to solicit preferences

directly from humans. Although this setup leads to generally high-quality data [Wang et al., 2024c], the

annotation process itself is expensive and time-consuming. Moreover, human annotators can make mistakes,

especially when faced with complex examples or when the content extends beyond their expertise [Jiang and

de Marneffe, 2022; Sandri et al., 2023]. In contrast, preference annotations can also be obtained indirectly

from humans by querying an off-the-shelf LM trained on human preferences [Bai et al., 2022b; Lee et al.,

2023; Cui et al., 2023], leading to a set of synthetic preferences. Although this approach is more scalable,

LMs do not always reflect the nuances of human annotators and can be prone to certain biases or errors

in judgment [Singhal et al., 2023; Wang et al., 2024a]. Hence, we posit that obtaining high-quality and
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cost-efficient preference data involves finding the right combination of direct human and synthetic preferences

from LMs.

We present HYPER, a Hybrid Preference routER that allocates preference instances to human or LM

annotators, resulting in a set of hybrid annotations (§4.3). The crux of our approach is to identify specific

instances that will benefit from direct human annotations, while the rest are routed to the LM. We ground this

decision in the performance of RMs trained on the resulting preference datasets, measured by RewardBench

[Lambert et al., 2024b]. HYPER consists of a performance prediction model (PPM, §4.3.2) and a routing

strategy (§4.3.3) as illustrated in Figure 4.1. The PPM learns to predict the performance of a model trained

on a preference dataset based on the statistics of the subset being routed to human annotators. We then

use the PPM to predict the performance of arbitrary simulated hybrid datasets in order to recommend the

potentially best-performing one. To put HYPER into practice, we construct MULTIPREF, a preference

dataset containing 10k instances paired with both human and LM preference annotations that follow the same

carefully designed annotation guidelines (§4.4). Then, we train the PPM on this dataset and use the routing

strategy to obtain hybrid annotations from either LMs or humans.

Our experiments show that hybrid annotations constructed from HYPER’s predictions result in better

RMs than those trained (a) entirely on direct human preferences, (b) entirely on synthetic preferences, and (c)

a random combination of direct human and synthetic preferences given the same human annotation budget

(§4.5), supporting our hypothesis that there exist optimal combinations of annotations that are not exclusively

direct human or synthetic. Our results generalize across other existing preference datasets (§4.5.2), base

models (§4.5.3), and common LM benchmarks through best-of-N reranking (§4.5.4). The resulting hybrid

preference datasets outperform the corresponding original ones by a large margin, with 7–13% (absolute)

improvement on RewardBench and up to 3% (absolute) improvement on downstream evaluations on average,

demonstrating HYPER’s generalization capabilities. We then present an analysis of factors that render a

preference instance to benefit from direct human annotations (§4.6).

Overall, we hope that this work provides a more cost-effective approach to preference data collection

while providing actionable, data-centric insights on preference learning.
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Figure 4.1: Overview of HYPER. Our proposed method consists of a performance prediction model (PPM)
and a routing strategy based on that model. We train the PPM to predict the performance of a dataset based
on the statistics of the subset routed to human annotators. Then, we use the PPM to score many simulations
of candidate datasets, and recommend the potentially best-performing routing configuration.

4.2 Background

Preference feedback for model training Modern LMs go through an RLHF (Reinforcement Learning

from Human Feedback) training stage before deployment [Ouyang et al., 2022; Bai et al., 2022a, inter alia].

This approach of preference feedback simplifies the annotation efforts for finetuning LMs and, meanwhile,

can better capture the complex and model-dependent nuances that may not be fully represented in supervised

finetuning. Typically, such preference data is incorporated into model training via either PPO [Schulman

et al., 2017] that uses the preference data to train a reward model (RM), which later is used to score model

generations in an online RL setup, or DPO [Rafailov et al., 2023] that directly trains models based on the

preferences. In this work, we mainly focus on the RM part by directly evaluating RMs on RewardBench

[Lambert et al., 2024b] and Best-of-N reranking performance [Ivison et al., 2024].

Data mixing and selection in LM training. Data mixing and selection have emerged as critical components

in the large language model (LM) training pipeline [Albalak et al., 2024]. Various studies have addressed

these challenges in different stages of the LM training process, particularly in pretraining [Xie et al., 2024;

Liu et al., 2024, inter alia] and supervised fine-tuning [Wang et al., 2023b; Lu et al., 2023; Xia et al., 2024,
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inter alia]. A notable contribution by Ivison et al. [2024] evaluates the impact of different preference datasets

during the RLHF training stage and finds that synthetic preference data [Cui et al., 2023] outperforms human

preference datasets available at the time. However, their study relied on existing datasets that vary significantly

in aspects such as prompt distribution and response generation models. Our work, HYPER, is a novel routing

framework aimed at optimizing in the preference label space, featuring an automated algorithm to select

the appropriate annotation source, utilizing human input only when necessary. In this regard, our approach

aligns with the active learning paradigm, which seeks to achieve comparable or superior model performance

with fewer human-labeled examples [Cohn et al., 1994; Settles, 2009]. In relation to this paradigm, another

framework called CoAnnotating [Li et al., 2023a], uses uncertainty measurements such as entropy and an

LM’s self-evaluation in order to decide whether an annotation instance will be allocated to humans or LMs.

However, their work focuses on downstream NLP tasks such as topic classification, semantic similarity, and

nuanced comprehension, whereas our framework is for preference annotation.

Performance Prediction HYPER relies on a performance prediction model (PPM) to predict the perfor-

mance metric given a dataset. This problem has been studied before based on various factors [Birch et al.,

2008; Xia et al., 2020; Ye et al., 2021b]. Our work has a special focus on the data perspective, particularly

in the label space. Our approach to predicting model behavior based on the underlying dataset it is trained

on shares similar thoughts to datamodels [Ilyas et al., 2022; Engstrom et al., 2024], but we use a denser

tag-based feature vector to represent the data and our objective is to predict the performance metric rather

than the direct model outputs. Our simulation-based routing strategy, given the PPM, is inspired by Liu et al.

[2024], which studies domain mixing in the pretraining stage.

4.3 Learning to Route Preference Annotations

4.3.1 Problem Formulation

We first formulate the preference routing problem. Let D = {⟨x(i), y(i)1 , y
(i)
2 ⟩}ni=1 be a dataset of n unlabeled

preference instances containing prompts x and pairwise responses y1 and y2, where each instance can be

assigned a label from either of the two sources: one provided by a human annotator, or one generated by

an LM. We introduce a binary decision variable zi ∈ {0, 1} for each instance, where zi = 0 corresponds to
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selecting the human-provided label and zi = 1 corresponds to selecting the LM-generated label. Note that zi

denotes the source of the labels, and not the identity of the labels—when the humans and the LM agree, the

chosen label is the same irrespective of zi.

The goal for routing is to optimize the selection of binary decision variables zi for the dataset in order to

maximize a performance metric. This optimization problem can be expressed as:

max
z∈{0,1}n

PERF(R(D(z))), (4.1)

where PERF(R(D(z))) is the performance of a reward model R trained on dataset D(z). Here, z =

{z1, z2, . . . , zn} is the routing configuration, representing the vector of binary label choices for all instances.

Maximizing Equation 4.1 is difficult as there is no closed-form solution. In addition, finding the best routing

configuration is computationally heavy, as brute force search would entail training and evaluating a reward

model for 2n configurations. Instead, we convert the problem into a learning objective, where we train a

model to predict the reward performance of a given routing configuration. We construct candidate labeled

datasets D̂(z) with different routing configurations z which we use to train reward models, denoted as

R̂(D̂(z)).1 We use these candidates to train a performance prediction model that approximates PERF(R̂(∗))

(§4.3.2). After training the model, we use a simulation-based routing strategy that aims to find the optimal z

to maximize the predicted performance (§4.3.3).

4.3.2 Performance Prediction Model (PPM)

PPM is a regression model that provides an estimate of the performance of a reward model trained on a

candidate preference dataset D̂. The PPM takes as input a feature vector representing the routing configuration

of D̂ and outputs a scalar value as the predicted performance. Training the PPM requires a seed preference

dataset D with both human and LM labels to build multiple samples of candidate datasets {D̂i} with different

routing configurations and their evaluation performance.

Step 1: Defining a Feature Vector. Instead of directly operating on individual preference instances, we

define a feature space for the PPM so that we can make routing decisions about groups of instances that share

1For the rest of this paper, we will ignore the z variable for simplicity and denote the candidate labeled dataset as D̂.
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Algorithm 1 Generating a candidate dataset D̂
Require: Unrouted dataset D = {d1, d2, . . . , dN}, Mapping between tags t and instances with that tag, M = {ti 7→
{dj ∈ D | dj has tag ti} | i = 1, 2, . . . , N}

1: Budget b ∼ Uniform(1, |D| − 1) ▷ Sample a random budget
2: S human ← {} ▷ Initialize subset that will use human annotations
3: M ← SHUFFLE(M ) ▷ Shuffle order of feats.
4: while |S human| < b do
5: for m in M do
6: Shuman ← m ▷ Add instances associated with tag m to S human
7: end for
8: end while
9: z ← {0 if di ∈ Shuman else 1 | di ∈ D}

10: D̂ ← D(z)
11: return D̂

features, allowing our routing procedure to generalize to other datasets where these features might be present.

We construct a feature space of tags T - textual and descriptive features of an instance’s prompt-response

triples:

• Textual tags characterize textual information such as the cosine similarity of the encoded representa-

tion2 of the responses y1 and y2, the length of the prompt x, or the token length difference between

two responses. We discretize the textual tags to convert them into categorical bins.

• Descriptive tags include metadata about the prompt or instruction such as the subject of expertise

needed to answer the prompt, or the complexity of user intent in the prompt based on the number of

goals or requirements among many others. We obtain these descriptors from a multilabel classifier

trained on a human-validated dataset of instructions and their corresponding tags (see Appendix C.4.1

for more details).

We then represent each candidate dataset as a vector v = {Ctj , human | tj ∈ T}, where Ctj , human denotes

the count of instances routed to human annotations with the jth tag. The full list of tags can be found in

Appendix C.4.

Step 2: Constructing Candidate Datasets and Measuring their Performance. We generate candidate

datasets {D̂i} from the original unrouted datasetD by sampling different routing configurations z as shown in

2We use the all-distilroberta-v1 embedding model from sentence-transformers [Reimers and Gurevych, 2019].
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Figure 4.2: Feature representation of candidate datasets and their actual reward modeling performance
as the training data for PPM. We use the count of instances that belong to the human annotation subset
S human as the feature value for each tag, and the RewardBench overall accuracy as the target. This heatmap
shows the features derived from MULTIPREF.

Algorithm 1. At a high level, this algorithm generates a candidate dataset by randomly selecting the number

of instances b to be annotated by humans or LM.Then, it iteratively adds instances associated with each tag

to a subset until b is met, and assigns binary labels based on the subset to create the candidates. Some tags

might get ignored once the number of instances reach b, so we shuffle their order to ensure that the tags are

well represented between candidates.

We also include candidates where all preference labels are from humans (|Shuman| = |D|) and all labels

are from LMs (|Shuman| = 0). Our sampling algorithm attempts to cover many human annotation budgets and

different types of instances assigned to them. For each candidate dataset, we train a reward model R̂ and

evaluate its performance PERF(R̂) on an evaluation metric, in this case, RewardBench. This process leads to

a PPM training dataset with the tag counts as features and the RM performance as the target as shown in

Figure 4.2.

Step 3: Training the Performance Prediction Model. We fit a regression model to predict the Reward-

Bench performance of a candidate dataset. We use the feature vector v as the features and the reward model

performance on RewardBench PERF(R̂) as the target. In practice, we collected 200 candidates D̂ and their

performance from MULTIPREF for training the PPM.
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4.3.3 Routing Strategy based on the PPM

Given a preference dataset D, we also simulate candidates {D̂(z)} using Algorithm 1 and predict their

performance using the PPM from the previous stage (§4.3.2). We can simulate candidates with either a fixed

human annotation budget, which is common in practice, or a range of random budgets to identify the optimal

hybrid mix. Since the PPM estimates the expected performance of any D̂i, we can simulate a large number of

candidates and estimate their performance without training any RM.

For inference, our goal is to find the best routing configuration z∗ = {z1, z2, . . . , zn} that will maximize

RM performance PERF(D̂(z∗)). This configuration specifies which preference instances should be routed to

humans or LMs that will result in the highest RewardBench score. To obtain z∗, we take the candidate with

the highest predicted RM performance and use its configuration z for routing. For each preference instance

di in D, we take the decision zi and route the instance to humans if zi = 0 and to LMs if zi = 1. In practice,

we generate 500 candidates from which we select the best routing configuration.

4.3.4 Routing Strategy for a Single Instance

In order to route a single instance, we compute its expected performance gain. We define gain by measuring

the improvement in RM performance if a particular instance is routed to humans for annotation. We calculate

it by computing the difference between a (1) routing configuration where a specific instance is routed to

human annotators and a (2) routing configuration where no instances are routed to human annotators (i.e.,

100% synthetic annotations): ∆ = PPM(vn) − PPM(v0). We then route a preference instance to human

annotators if ∆ > 0 and to LMs otherwise.

4.4 MULTIPREF: A New Preference Dataset

We introduce MULTIPREF, a new preference dataset containing 10,461 instances with both human and

GPT-4 annotations. We use MULTIPREF to train HYPER’s PPM. We collect prompts from datasets such as

ShareGPT [Chiang et al., 2023], WildChat [Zhao et al., 2024], HH-RLHF [Bai et al., 2022a], and ChatArena

[Chiang et al., 2024]. Then, we generate model responses using a variety of models, including Llama-2-Chat

70B [Touvron et al., 2023a], Llama-3-Instruct 70B [Dubey et al., 2024], TÜLU-2 7B and 70B [Ivison et al.,

68



Dataset statistics

# unique prompts 5,323
# models for generation 6
# model pairs 21
# comparisons 10,461
# annotations 41,844
# annotation per instance 4

Annotator statistics

Total # of crowdworkers 289
Avg. qualification test pass rate 34.8%

Table 4.1: MULTIPREF dataset statistics.

2023], GPT-3.5, and GPT-4 [Achiam et al., 2023].3

MULTIPREF is then annotated carefully to control for annotation quality, while working with crowdwork-

ers on a fair wage ($15-$20 USD per hour based on expertise-level). We recruit annotators from Prolific,4 a

crowdsourcing platform. We screened workers using a qualification test that filtered out 65% of the initial

workers. Prolific implements various checks to avoid annotators using bots during the annotation. Each

instance in MULTIPREF is annotated by four (4) crowdworkers. We aggregate these labels via majority vote

to mitigate noise in annotation. We also collect LM annotations using GPT4 and include in its prompt the

same guidelines we presented to human annotators. Since we allow ties during annotation, we filter instances

that are labeled as a “Tie” by either human or GPT4, ending up with 7,531 non-tie preference instances that

can be used for model training. Appendix C.1 shows additional information on the data collection process.

Table 4.1 summarizes dataset statistics of MULTIPREF.

4.5 Experiments

We first intrinsically evaluate how well the PPM fits on a domain it was trained on (§4.5.1), then we assess how

well the same PPM generalizes to other preference datasets (§4.5.2) and models (§4.5.3) on the same target

evaluation metric (RewardBench). Finally, we test how well HYPER generalizes to other LM benchmarks on

various preference datasets (§4.5.4).

3We use model versions gpt-3.5-turbo-0125 and gpt-4-turbo-2024-04-09 for GPT-3.5 and GPT-4, respectively.
4https://www.prolific.com/
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Model type Spearman ρ ↑ RMSE ↓
Linear 0.408 ± 0.056 0.311 ± 0.044
LightGBM 0.127 ± 0.009 0.425 ± 0.010
Quadratic 0.610 ± 0.042 0.266 ± 0.054

Table 4.2: Using 10-fold cross validation on 250 candidate datasets, we report the average Spearman ρ of
predicted vs actual ranks and RMSE of predicted vs actual RewardBench performance.

4.5.1 Performance Prediction Model Details

Testing the PPM’s fit. In order to test whether the PPM can accurately predict the performance of a

preference dataset on RewardBench, we perform 10-fold cross-validation on 250 candidates from MULTIPREF

(225 instances for training and 25 instances for validation). For each fold, we train a regressor to predict

the performance of the held-out set and evaluate it with the actual RewardBench score. We evaluate the

regression models using root-mean-square error (RMSE) and Spearman ρ correlation. We train three types

of regressors: linear, quadratic, and tree-based via LightGBM [Ke et al., 2017]. Table 4.2 shows that the

quadratic model fits the data the best. Hence, we use it as our PPM for subsequent experiments.
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Figure 4.3: Actual RewardBench performance
of the best configuration found given n simulated
candidates.

Simulation sample size selection. The PPM’s predic-

tion time is significantly faster than conducting actual

RM evaluations. As such, we can explore a large candi-

date dataset combination. To find out the optimal size

of simulated candidates we evaluate the performance of

PPM using n ∈ {128, 256, 512, 1024, 2048, 4096} dif-

ferent candidates. This experiment suggests that perfor-

mance plateaus around 1024 candidates (see Figure 4.3),

achieving a score of 72.3%, indicating diminishing returns

from larger candidate pools. Although the trend plateaus

around 1024 candidates, we choose to balance between performance and run time and use 500 candidates in

subsequent experiments.
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Figure 4.4: Comparison between HYPER and random selection given different annotation budgets on
various preference datasets. The optimal budget and its corresponding performance is marked by a star (⋆).
We report the average of the RewardBench score across three runs.

4.5.2 Generalization to Unseen Datasets

We next test whether the PPM trained on MULTIPREF generalizes to other unseen preference datasets. To do

so, we apply the same routing strategy as described in §4.3.3. Instead of training separate PPMs for each

unseen preference dataset, we only use a single PPM trained on MULTIPREF.

Datasets We use datasets with existing human preference annotations and augment them with LLM

annotations from GPT-4 (gpt-4-turbo-2024-04-09) to simulate scenarios of routing a preference instance

to a human annotator. These datasets include: Helpsteer2 [Wang et al., 2024c], AlpacaFarm Human

Preferences [Dubois et al., 2023], and Chatbot Arena Conversations [Zheng et al., 2023a]. To control the

effect of dataset size when comparing across datasets, we limit each preference mix to 7K instances after

removing ties, the same size as MULTIPREF.

Baselines For each dataset, we use the following preference mixes to compare against our hybrid an-

notations: 100% Synthetic preference containing purely synthetic preferences obtained from an LLM

(see Appendix C.11 for more details on prompting GPT-4), 100% Direct Human Preference with the

human annotations of the dataset, and 25%, 50%, 75% Direct Human Preference mixes (see Table C.5 in

Appendix C.3) where we randomly swap a percentage of instances with human annotations while the rest are

LM annotations. We train reward models based on the TÜLU 2 13B [Ivison et al., 2023] model on each of

these mixes, and evaluate their performance on RewardBench.
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RewardBench Performance
Preference Mix MULTIPREF (Appendix C.1) Helpsteer2 [Wang et al., 2024c]

% Direct Human for Best Hybrid: 37.4% % Direct Human for Best Hybrid: 69.6%
Overall Chat Chat-Hard Safety Reasoning Overall Chat Chat-Hard Safety Reasoning

100% Human 60.4 89.1 37.8 71.6 42.9 72.4 90.6 60.7 68.0 76.7
100% Synth. 66.5 90.2 34.6 69.7 71.3 65.8 71.6 64.0 45.2 82.7
Best Hybrid 70.6 94.4 35.1 74.8 78.2 79.7 89.9 64.9 77.0 87.0
Preference Mix AlpacaFarm [Dubois et al., 2023] ChatArena [Zheng et al., 2023a]

% Direct Human for Best Hybrid: 67.2% % Direct Human for Best Hybrid: 23.0%
Overall Chat Chat-Hard Safety Reasoning Overall Chat Chat-Hard Safety Reasoning

100% Human 55.0 85.5 44.5 38.5 51.6 59.0 90.6 50.4 36.3 58.8
100% Synth. 60.9 87.2 41.4 56.1 58.5 71.6 93.5 50.2 69.4 73.2
Best Hybrid 66.8 94.5 50.8 58.1 63.8 72.2 94.7 51.3 67.6 75.1

Table 4.3: Comparison of full direct human preferences and synthetic preferences and the best hybrid
preference mix given unlimited budget on RewardBench. Reporting the average of three runs.

Results Figure 4.4 shows the RewardBench score for each dataset on different human annotation budgets

across four preference datasets. Results show that in the majority of annotation budgets, hybrid annotations

from HYPER outperform that of random sampling. This suggests that combining annotations is expected

to result in RMs that perform better than relying solely on annotations from a single source (human or LM),

and the performance can improve with a better routing strategy. We also obtain the best hybrid mix with

empirical optimal budget for any given preference dataset as shown in Table 4.3. We observe that the best

hybrid mix requires 20–70% of direct human annotations in order to outperform a more costly 100%

direct human annotation setup, depending on the dataset. Our best hybrid preference mix outperforms using

100% synthetic annotations, suggesting that collecting human annotations is still valuable as long as the

preference instances routed to humans benefit from their annotations.

Furthermore, we observe that in general, RMs trained on full synthetic preference annotations tend

to perform better on RewardBench than 100% human annotations, except for the Helpsteer2 dataset.

We hypothesize this is due to the higher annotation quality by Helpsteer2’s data vendor (ScaleAI) and their

aggressive data quality control where the authors filtered-out preference instances with low inter-annotator

agreement and with noisy preference ratings. Nevertheless, our results in Figure 4.4 suggest that HYPER

can still push this performance further by using just 70% human annotations. We also train a PPM using

candidates generated from Helpsteer2, and observed similar trends when using routed annotations on other

datasets (see Appendix C.10.2).
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RewardBench Performance on Helpsteer2
Preference Mix Llama 3.1 8B [Dubey et al., 2024] Qwen 2.5 7B [Yang et al., 2024; Team, 2024]

Overall Chat Chat-Hard Safety Reasoning Overall Chat Chat-Hard Safety Reasoning

100% Human 64.7 91.1 51.0 39.2 78.7 71.8 87.7 54.5 60.6 84.0
100% Synth. 60.6 90.5 33.8 48.8 69.4 69.7 89.1 54.8 56.9 82.2
Best Hybrid 72.4 94.7 47.6 71.4 76.2 72.4 87.4 55.6 63.1 83.6

Table 4.4: Comparison of full direct human preferences and synthetic preferences on the best hybrid
preference mix given unlimited budget on RewardBench and different base models of Helpsteer2 [Wang
et al., 2024c]. Reporting the average of three runs.

4.5.3 Generalization to Other Base Models

We also test whether the hybrid mix retains its competitive performance when trained on different models

other than TÜLU 2 13B.

Setup To test model generalization, we train RMs using Llama 3.1 8B [Dubey et al., 2024] and Qwen 2.5

7B [Yang et al., 2024; Team, 2024] on hybrid mixes of the Helpsteer2 dataset and evaluate the resulting

model on RewardBench. Similar to §4.5.2, these mixes were identified by a PPM trained on MULTIPREF’s

features.

Results Table 4.4 shows that the hybrid annotations from HYPER outperforms 100% direct and 100%

synthetic human preferences, consistent with our findings in Sec. 4.5.2. These results suggest that the

preference annotations routed by HYPER are model-agnostic, as demonstrated by our experiments with

models other than TÜLU 2 13B.

4.5.4 Generalization to other Evaluation Tasks

To test whether HYPER generalizes to new tasks other than RewardBench, we evaluate the models trained

on hybrid datasets on other benchmarks.

Setup We follow the practice of Ivison et al. [2024] to convert several LM benchmarks into a “Best-of-N”

reranking format for evaluating RMs: we sample 16 generations from the TÜLU-2 13B SFT model, score

them using the testing reward models, and then use the top-scoring generation as the final output to compute

the metrics. We evaluate on the following datasets: GSM8K [Cobbe et al., 2021b] for math, BIG-Bench Hard
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Best-of-N Evaluation Performance
Pref. Mix MULTIPREF (Appendix C.1) Helpsteer2 [Wang et al., 2024c]

% Direct Human for Best Hybrid: 37.4% % Direct Human for Best Hybrid: 69.6%
Avg. GSM8K BBH IFEval Codex AlpacaEval Avg. GSM8K BBH IFEval Codex AlpacaEval

100% Human 48.3 38.0 47.3 43.1 24.4 88.6 52.6 52.3 51.0 45.8 26.2 87.7
100% Synth. 49.4 41.7 49.0 44.9 23.2 88.3 51.0 48.6 52.0 47.0 24.4 83.1
Best Hybrid 50.5 48.1 50.2 44.7 21.3 88.1 52.8 51.7 49.9 48.1 29.3 85.1

Pref. Mix AlpacaFarm [Dubois et al., 2023] ChatArena [Zheng et al., 2023a]
% Direct Human for Best Hybrid: 67.2% % Direct Human for Best Hybrid: 23.0%

Avg. GSM8K BBH IFEval Codex AlpacaEval Avg. GSM8K BBH IFEval Codex AlpacaEval

100% Human 50.4 48.2 50.7 42.7 23.8 86.6 53.9 52.3 52.4 44.9 28.7 91.4
100% Synth. 53.1 52.3 52.6 44.7 26.2 89.6 53.7 54.0 52.3 44.5 26.8 90.9
Best Hybrid 53.3 53.5 52.7 45.5 23.8 91.0 52.8 51.9 51.8 44.5 25.0 90.8

Table 4.5: Comparison of full direct human preferences and synthetic preferences on the best hybrid
preference mix given unlimited budget using Best-of-N evaluation.

(BBH) [Suzgun et al., 2022] for reasoning, IFEval [Zhou et al., 2023b] for precise instruction following, Codex

HumanEval [Chen et al., 2021] for coding, and AlpacaEval [Li et al., 2023b] for general chat capabilities.

Further information on the dataset setup can be found in Appendix C.6.

Results Table 4.5 shows the Best-of-N evaluation performance of the best hybrid mix found by our method.

Our hybrid mix outperforms using either human or synthetic labels alone by 2–3% on three out of the

four preference datasets. On Helpsteer2, 100% human labels perform better than 100% synthetic, while

MULTIPREF and AlpacaFarm show the opposite trend, reflecting varying human annotation quality—our

method demonstrates improvement in three cases despite this variation. ChatArena is the exception, where our

method does not improve upon the original dataset. The trend in ChatArena’s Best-of-N performance differs

from RewardBench, and we suspect that its due to its reliance on Internet volunteers with underspecified

annotation guidelines. Further investigation of this discrepancy is left for future work.

4.6 Analysis: When are Human Annotations Helpful?

We investigate the features learned by the PPM to understand characteristics that render a preference instance

a better fit for direct human annotation. To quantify the effect of routing an instance to human annotators, we

compute its expected performance gain as described in $4.3.4. This analysis makes three key assumptions:

(1) the performance gain from human annotation is linear; (2) samples are independent of each other, and (3)

the PPM fits the data well. While the first two assumptions may not hold in general, they provide a tractable
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Tag Gain ×10−3 Tag Gain ×10−3

BERTScore ∈ [0.33, 0.67] 0.19 Subject Of Expertise: Materials Science and Engineering -0.00
Subject Of Expertise: Chemical Engineering 0.11 Subject Of Expertise: Library and Museum Studies -0.10
Subject Of Expertise: Religion 0.09 Subject Of Expertise: Media Studies and Communicatino -0.10
Safety Concern: Moderate 0.09 Subject of Expertise: Military Sciences -0.10
Subject Of Expertise: Anthropology 0.06 Subject Of Expertise: Family And Consumer Science -0.63

Table 4.6: Average gain in MULTIPREF’s performance when routing 100 random preference instances to a
human annotator for each tag. Showing top- and bottom-five tags (See the full list in Appendix Table C.7).

framework for analyzing the relative importance of human annotation for different instances.

To estimate the performance gain of each tag t ∈ T , we route n instances that satisfy the tag’s condition

(e.g., “BERTScore between two responses is ∈ [0.33, 0.67]”) and compute the gain ∆ normalized on the

count of instances with that tag. Table 4.6 shows the top- and bottom-five tags based on the performance

gain. This list reveals that instances with moderate semantic similarity between responses (measured by

BERTScore), moderate safety concern, and moderate complexity of intents tend to benefit more from direct

human annotations. This moderation trend is interesting but reasonable if we interpret that simple examples

may not need human annotation and complex examples may be equally or even more challenging for humans.

We also find that most subjects of expertise (60%) benefit from human annotations, contributing positively

to the RewardBench score. Preferences with prompts that require expert domain knowledge (∆: 6.438E-6) to

answer also benefit from human annotations as opposed to prompts requiring basic domain knowledge (∆:

-0.095E-6) or answerable by the general public (∆: -0.050E-6).

4.7 Discussion & Future Work

Grounding of preference feedback quality. Quality control is critical for human data annotation, especially

in the modern era of building LMs. Typically, researchers use agreement as a metric for quality. However, for

preference annotation, early works all ended up with relatively low agreement between annotators or even

between annotators and researchers [Bai et al., 2022a; Touvron et al., 2023a; Dubois et al., 2023]. This is

largely due to the complexity of the tasks (e.g., many facts to verify, the expertise required, etc.), as well

as the subjectivity in many cases (e.g., style preference, sensitive topics, safety threshold, etc.). This poses

challenges for the data annotation process, as there is no ground truth for measuring the quality. In this work,

we decide to ground the data quality into the model training performance (i.e., the utility of the data), and our
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framework can optimize towards this goal. Future work can explore other downstream utility metrics for

optimization.

Scaling the size of preference annotation. Although we show the successful generalization of our router

when applying it to other preference datasets (§4.5.2), this set of experiments is done at the same size (7K

after removing ties). It remains unclear how well our performance prediction model can extrapolate beyond

the training data size and predict what instances can add performance gain after 7K, so that we can keep

growing our preference data to a larger size. We believe our current results and the patterns we find (§4.6)

can provide insights on how to save human efforts, but a systematic scaling of our framework may require

future work.

Feedback beyond pairwise comparisons. We focus on pairwise preferences which compare overall model

responses. However, several formulations of preference feedback exist such as fine-grained preferences

[Wu et al., 2024], aspect-based preferences [Wang et al., 2023c, 2024c, also available in MULTIPREF] and

preferences for process-reward models [Lightman et al., 2023; Uesato et al., 2022]. These annotations are

more time consuming, hence, even more expensive, thus providing more room for leveraging LM annotation

when possible. We leave this exploration for future work.

Generalization to downstream DPO / policy model performance. While hybrid preference annotations

improve direct RM evaluation performance, it’s unclear if these gains extend to downstream tasks when

training a DPO model or a policy model using PPO with the reward models. Ivison et al. [2024] found

that improvements in reward models do not necessarily translate to improved downstream performance in

PPO, as there are many confounding factors (e.g., the unlabeled prompts in PPO, the KL penalty, etc) that

impact the PPO training. We tried testing the preference datasets using DPO (Appendix C.8) but only found

small differences when switching datasets or the preference mixes. We hypothesize that downstream task

performance is hard to measure (and still is an open research problem), and requires data collection at a larger

scale to see significant effects.

Intra-group variability of annotators. One of our key assumptions is that there is no variability in intra-

group annotators for both humans and LMs. When HYPER decides to route a preference instance to a human
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or an LM, we don’t make finegrained decisions as to what type of human annotator (or which LM) should

annotate. However, we believe that MULTIPREF can enable this type of analyses especially for direct human

feedback, as the dataset disambiguates between normal and expert crowdworker annotations. We leave this

exploration for future work.

4.8 Summary

We introduce HYPER, a framework that routes preference instances to either human annotators or to an LM

that would maximize the performance of an RM trained on such hybrid-annotated data. Our results suggest

that the hybrid mix from HYPER outperforms all baseline annotation combinations on RewardBench, and that

this trend generalizes to other models, benchmarks (via Best-of-N reranking), and unseen preference datasets.

It also outperforms random sampling for a given set of human annotation budgets. Our analyses reveal that

human annotations are most beneficial for instances with moderate response similarity and prompts in specific

subject domains, among others. We hope HYPER contributes to data-centric approaches in understanding

human preferences and to more efficient preference collection methods in the future.
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Chapter 5

Post-training LMs with Open Data

5.1 Overview

The training of large LMs like ChatGPT has converged into broadly two stages: pre-training on extensive text

to grasp knowledge and skills, and post-training with various techniques to align with human intents and

further improve. The post-training side, because of the complexity of training methods and many direct use

cases, attracts significant attention, leading to many pieces of innovations, including datasets, algorithms, and

evaluations. However, it is unclear what really excel, how to integrate them, and how they truly compare with

proprietary models that are heavily engineered. Therefore, we have initiated and been working on the TÜLU

series of work, which starts from open-weight pre-training models such as Llama and systematically studies

the integration of post-training techniques.

This chapter details the first work in the TÜLU series, which focuses on the instruction tuning step. We

provide a comprehensive evaluation of instruction-tuning resources: specifically, we conduct a large number

of instruction-tuning experiments spanning a dozen public corpora, and models ranging in scale from 6.7B to

65 B. We evaluate both specific model capabilities (i.e., factual knowledge, reasoning, multilinguality, coding,

safety) and open-ended instruction-following abilities. We report results based on automatic, model-based,

and human-based evaluation metrics.

Our evaluation reveals that instruction tuning over different datasets appears to promote specific skills,

and no one dataset provides the best performance across all evaluations. We also find that the underlying base
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model is paramount, with better base models (whether it be models trained on more tokens or larger models)

performing better across the board. Surprisingly, we also find that the best-performing models in model-based

evaluation are not the same as those that perform best on benchmark-based automatic evaluations, potentially

partially due to GPT-4’s strong bias toward long, diverse generations.

Building on our findings, we introduce TÜLU , a suite of 7B to 65B LLAMA models finetuned on a

combination of data sources, leading to the best overall performance. TÜLU 65B is the largest publicly-

released fully-instruction tuned LLAMA variant at the time of writing, to the best of the authors’ knowledge.

It is trained on 7 popular available datasets, and yields the best average performance across most model sizes

while remaining within 29% of the best-performing model on each individual task.

In summary, our key findings include:

• Instruction datasets targeted at specific domains and/or capabilities are extremely effective at improving

model performance in those aspects.

• Larger or pretrained-for-longer base models consistently perform better than smaller ones after instruc-

tion tuning.

• Our model TÜLU – fine-tuned LLAMA on a combination of existing instruction datasets – achieves

the best average performance across benchmarks, although it is not the overall best when considering

different evaluation settings independently.

• Even a very large (65B) model finetuned on a large mix of instruction datasets fails to outperform

ChatGPT, although it does perform significantly better than similar smaller models.

• Model-based preference evaluation on open-ended instruction following correlates strongly with the

average number of unique tokens generated by a model, suggesting that model-based preference

evaluation has biases that may hide differences in model capabilities.

We open-source the code for training and evaluating these large language models. We also release

checkpoints trained on the different instruction datasets and their mixtures, including TÜLU .1 We hope

this facilitates further development and investigation of open instruction-tuned models.

1https://github.com/allenai/open-instruct
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5.2 Background

Instruction Tuning. As explained in previous chapters, instruction tuning, in general, refers to the practice

of finetuning pretrained language models to better understand and respond to a wide variety of human

requests that are expressed in natural language [Mishra et al., 2022b; Wei et al., 2022a; Ouyang et al., 2022].

In particular, instruction tuning is concerned with requests that include some indication of the task to be

performed within the request itself (e.g., including task instructions in the input prompt). It has arisen as a

critical step for generalizing models to new scenarios without dedicated training, and for letting non-experts

naturally interact with these models. The training paradigms of instruction tuning can vary from supervised

learning using demonstrations [Wei et al., 2022a; Sanh et al., 2022; Wang et al., 2022b; Longpre et al., 2023a]

to reinforcement learning from feedback data [Ouyang et al., 2022; Bai et al., 2022a]. In this work, we focus

on the supervised learning setup, with a focus on other factors.

The success of instruction tuning requires at least two key components: 1) a powerful pretrained language

model that has grasped a vast amount of knowledge from web-scale pretraining, and 2) an instruction dataset

that is diverse and representative enough to adapt the LM to potential downstream usage. We study these two

factors in this work and introduce our studied open resources below.

Instruction Datasets. We attempt to collect a representative sample of different styles of datasets (listed in

Table 5.1), including datasets: (1) created by researchers from existing NLP datasets (SuperNI [Wang et al.,

2022b], Flan V2 [Longpre et al., 2023a]); (2) written by humans from scratch for the purpose of instruction

tuning (Dolly [Databricks, 2023], Open Assistant 1 [Köpf et al., 2023]); (3) generated by proprietary models

(Self-Instruct [Wang et al., 2022a], Unnatural Instructions [Honovich et al., 2022a], Alpaca [Taori et al.,

2023], Baize [Xu et al., 2023], GPT4-Alpaca [Peng et al., 2023]); (4) comprised of user-shared prompts

accompanied by model-generated completions (ShareGPT2 [Chiang et al., 2023]); (5) built for specific skills

(CoT [Wei et al., 2022b] for chain-of-thought, Code-Alpaca [Chaudhary, 2023] for code generation). See

Appendix D.1 for further details.

2 ShareGPT (https:// sharegpt.com/ ) data was used to build the Vicuna model [Chiang et al., 2023], but the exact dataset has not
been released. We instead use a reproduced version from https://huggingface.co/datasets/anon8231489123/ShareGPT_Vicuna_
unfiltered/ tree/main/HTML_cleaned_raw_dataset, and follow Vicuna to split the long conversations into blocks with a maximum
length of 2048 tokens.
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Datasets Sourced from # Instances N̄rounds L̄prompt L̄completion

SuperNI [Wang et al., 2022b] NLP datasets + Human-written Instructions 96,913 1.0 291.1 38.7
CoT [Wei et al., 2022b] NLP datasets + Human-written CoTs 100,000 1.0 266.0 53.2
Flan V2 [Longpre et al., 2023a] NLP datasets + Human-written Instructions 100,000 1.0 355.7 31.2
Dolly [Databricks, 2023] Human-written from scratch 15,011 1.0 118.1 91.3
Open Assistant 1 [Köpf et al., 2023] Human-written from scratch 34,795 1.6 34.8 212.5
Self-instruct [Wang et al., 2022a] Generated w/ vanilla GPT3 LM 82,439 1.0 41.5 29.3
Unnatural Instructions [Honovich et al., 2022a] Generated w/ InstructGPT002 68,478 1.0 107.8 23.6
Alpaca [Taori et al., 2023] Generated w/ InstructGPT003 52,002 1.0 27.8 64.6
Code-Alpaca [Chaudhary, 2023] Generated w/ InstructGPT003 20,022 1.0 35.6 67.8
GPT4-Alpaca [Peng et al., 2023] Generated w/ InstructGPT003 + GPT4 52,002 1.0 28.0 161.8
Baize [Xu et al., 2023] Generated w/ ChatGPT 210,311 3.1 17.6 52.8
ShareGPTsection 5.2 User prompts + outputs from various models 168,864 3.2 71.0 357.8

Table 5.1: Instruction datasets investigated in this work. CoT and FLAN V2 are sampled to 100K to match
the sizes of other datasets. We report the average number of conservation turns (N̄rounds), average length of
prompts (L̄prompt), average length of completion (L̄completion).

Pretrained Models. We primarily use the LLAMA suite [Touvron et al., 2023a,b], a series of pretrained

models ranging in size from 6.7B to 65B parameters. We initially experimented with the LLAMA-1 models

for the first version of this paper and added LLAMA-2 in our camera-ready, which uses similar numbers

Base LMs # Params # Tokens

LLaMa [Touvron et al., 2023a]

6.7B 1.0T

13.0B 1.0T

32.5B 1.4T

65.2B 1.4T

LLaMa-2 [Touvron et al., 2023b]
6.7B 2.0T

13.0B 2.0T

OPT [Zhang et al., 2022] 6.7B 180B

Pythia [Biderman et al., 2023] 6.9B 300B

Table 5.2: Base models that we finetuned
in this work.

of parameters but were trained over significantly more tokens.

These models represent the largest, highest-quality pretrained

models available to the community (albeit under restrictive

licensing). We also consider OPT [Zhang et al., 2022] and

Pythia [Biderman et al., 2023] models with a size comparable

to the LLAMA 6.7B model, to examine the effect of different

base models. For simplicity, we will round all the sizes to

the nearest integer. We note several ongoing efforts to pre-

train similar- or better-quality models [Geng and Liu, 2023;

MosaicML, 2023; Almazrouei et al., 2023]. We believe our

findings should hold for these models and future stronger open

base models.

5.3 Training Models with Various Datasets

5.3.1 Unifying the Format
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<|assistant|>
The reaction control system (RCS) on the Space 
Shuttle was designed to be fault-tolerant, 
meaning it was able to continue functioning 
even if one or more of its components failed. 
The RCS consisted of two sets of ... </s>

<|assistant|>
There were several instances where the 
reaction control system (RCS) on the Space 
Shuttle experienced failures or malfunctions 
during on-orbit missions. These ... </s>

<|user|>
Explain the fault-tolerance of the reaction 
control system on the Space Shuttle.

<|user|>
Did the RCS have any on-orbit failures?

👱

👱

🤖

🤖

Figure 5.1: An example from ShareGPT data. We
use <|role|> to set the boundary between messages.
The entire sequence is encoded together, and loss is
computed on the assistant parts (colored in blue).

We format all datasets to follow a chatbot-style

schema to unify the varied styles and formats of

the instruction datasets, shown in Figure 5.1. This

allows us to fit arbitrary rounds of interactions be-

tween the user and the language model (a.k.a. “as-

sistant”) into one input sequence and encode them

together with a causal language model. We add spe-

cial tokens <|user|> and <|assistant|> before

user utterances and target assistant responses respec-

tively, and an end-of-text marker </s> at the end of

each assistant output, which, at inference time, will

stop the model’s response for each round.

5.3.2 Model Training Details

During training, we compute loss only on tokens after <|assistant|> and before the next <|user|>

token. More formally, we consider an instruction dataset as consisting of N tuples, each with i turns,

{(xj1, y
j
1, x

j
2, y

j
2, ...x

j
i , y

j
i )}Nj=1, where xi is a user prompt and yi the desired output. For most instances, i = 1,

and we train the model to output yj given xj . However, in the case of conversation datasets, we train the

model to predict yji given some conversation history xj1, y
j
1, x

j
2, ..., x

j
i . We train decoder-only models, and

use teacher-forcing with loss masking to train the models, where we mask all tokens belonging to the input

sequence(s) xi. Given X as the tokens belonging to the input, and Y as the target tokens, the loss function is:

L = −
∑
j

log pθ(tj | t<j)×


1 if tj ∈ Y

0 otherwise

where tj is the jth input token (belonging to X or Y ). See Appendix §D.2 for further training details.
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5.3.3 TÜLU : a Better Instruction-Tuned Model by Combining Resources

Existing studies [Wang et al., 2022b; Longpre et al., 2023a] (and our own evaluation below) have shown

that increasing the diversity of instructions can effectively improve the performance of instruction tuning.

Following this motivation, we create two mixtures of datasets:

Human data mixture, which comprises the best human-authored datasets, including FLAN V2, CoT,

Dolly, and Open Assistant 1 (we exclude SuperNI as FLAN V2 includes most tasks in SuperNI);

Human+GPT data mixture, which comprises the human mixture and three additional datasets that have

generations by OpenAI GPT models, including GPT4-Alpaca, Code-Alpaca, and ShareGPT.

For both mixtures, we concatenate datasets and leave exploring more complex sampling mixtures to

future work. We name LLAMA models trained on the Human+GPT data mixture TÜLU , after a hybrid

camel resulting from interbreeding between different species. We differentiate the TÜLU models trained from

the LLAMA-2 base models by versioning them as TÜLU-1.1.

5.4 Evaluation Setup

Evaluation of instruction-following models remains a challenging problem due to the enormous scope of

“generality” and its open-ended nature. However, we argue that general-purpose models should be able to

perform some core tasks before they can generalize to satisfy various practical needs. As such, we set up a

multi-faceted evaluation to cover several key aspects of capabilities covering core abilities and open-ended

instruction following. Our evaluations closely follow prior work on evaluating instruction-tuned models

[Chung et al., 2022; Anil et al., 2023; Wang et al., 2022a; Chiang et al., 2023; Dubois et al., 2023], but serve

as the first one to compile them together for systematic evaluation.

5.4.1 Facets of Evaluation

Factual knowledge is essential for language models to serve users’ information needs. We use the Massive

Multitask Language Understanding dataset (MMLU [Hendrycks et al., 2020]) for measuring models’ factual

knowledge. MMLU consists of a set of questions about 57 subjects ranging in difficulty from elementary

levels to professional levels, and its multiple-choice format makes it suitable for probing models’ knowledge
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without worrying about the open-endedness of generations.

Reasoning is another fundamental ability for models, especially for solving complex tasks. We use

the test split of Grade School Math dataset (GSM Cobbe et al. [2021a]) to evaluate models’ mathematical

reasoning capabilities. We also adopt Big-Bench-Hard (BBH [Suzgun et al., 2022]), which contains 23

challenging tasks from Big-Bench [Srivastava et al., 2022], to evaluate models’ general reasoning capabilities.

Multilinguality acts as an important perspective of models for serving people from different backgrounds.

We use TyDiQA Clark et al. [2020], a multilingual question answering benchmark covering 11 typologically

diverse languages for testing how much models can process non-Engish text. We use the gold-passage setup

where one passage containing the reference answer is given.

Coding is a particular application that people have used language models for and might be important for

integrating these models with external tools [Cai et al., 2023]. We use the HumanEval dataset Chen et al.

[2021] to evaluate the models’ capability to generate functionally correct programs from docstrings. To avoid

ambiguity with our human evaluation, we call this dataset Codex-Eval in this paper.

Open-ended instruction following. While the performance on the benchmarks above quantifies the

models’ ability at specific skills, it may not reflect how well the models can handle instructions from real users,

which cover highly diverse requests and are often open-ended. For example, the popular ShareGPT dataset

contains instances of users asking for programming help, resume formatting tips, educational role-playing,

pronunciation suggestion, fanfiction writing, and more. We evaluate such open-ended instructability of

models using both model-based evaluation (§5.4.2) and human evaluation (§5.4.3), both of which consist of

multiple test sets from existing studies Wang et al. [2022a]; Chiang et al. [2023]; Köpf et al. [2023]; Bai et al.

[2022a]; Geng et al. [2023].

Safety is of particular concern regarding the fast-developing language models to ensure the ethical and

proper use of them. Following LLAMA-2 [Touvron et al., 2023b], we employ ToxiGen [Hartvigsen et al.,

2022] to measure the amount of toxic language and hate speech generation across different groups when the

models are prompted to do so. We also adopt TruthfulQA [Lin et al., 2022] to measure how well models can

avoid generating known falsehoods due to misconceptions or false beliefs while providing useful information.

For all the benchmark-based evaluations, we follow their standard metrics, while we subsample some

benchmarks to a reasonable size to improve the efficiency of doing chain-of-thought reasoning. We refer the
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reader to Appendix §D.3 for the setup details.

5.4.2 Model-Based Evaluation using GPT-4

To evaluate the open-ended instructability, we first adopt a model-based approach introduced in AlpacaEval [Li

et al., 2023b]. The test set consists of 805 instructions, with 252 instructions from the Self-Instruct evaluation

Wang et al. [2022a], 188 from the Open Assistant evaluation Köpf et al. [2023], 129 from the helpful

evaluation by Anthropic Bai et al. [2022a], 80 from the Vicuna evaluation Chiang et al. [2023], and 156 from

the Koala evaluation Geng et al. [2023].

We use their simulated GPT-4 annotator, which computes the win rate of the testing model as judged by

GPT-4 when compared to the outputs produced by InstructGPT003. We use the AlpacaEval codebase and

prompts [Li et al., 2023b] to make our scores directly comparable to those on the AlpacaEval leaderboard3

When doing pairwise comparisons with GPT-4, the orders of model outputs are randomized to avoid position

bias during evaluation [Wang et al., 2023a]. We do not evaluate vanilla LLAMA models due to them having

little instruction-following ability without further prompt engineering.

5.4.3 Human Evaluation

To further test the quality of the open-ended generations, we conduct a human evaluation based on 332

instructions that combine the Self-Instruct evaluation set [Wang et al., 2022a] and Vicuna evaluation set [Chi-

ang et al., 2023]. Inspired by Bai et al. [2022a], we design a similar interface (Figure B.2) for gathering

human judgments of model outputs along the following dimensions. We note that we evaluated based on our

fine-tuned LLAMA-1 models, as LLAMA-2 was not available at the time of this experiment.

Individual acceptability. We ask human raters to assess whether each system’s responses were acceptable

in isolation. This is a binary decision, and we ask the raters to mark a response as acceptable if and only if the

response answered the request in the query, had no significant errors, and did not have repetitive information.

Pairwise preference. We then ask humans to compare the outputs of two systems and select which one

they think is more helpful. This is a 5-way decision, and the raters could select if one of the responses is

“clearly” or “slightly” better than the other or if it is a tie that both responses were equally good or bad.

3https://tatsu-lab.github.io/alpaca_eval/
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MMLU
(factuality)

GSM
(reasoning)

BBH
(reasoning)

TydiQA
(multilinguality)

Codex-Eval
(coding)

AlpacaEval
(open-ended) Average

EM
(0-shot)

EM
(8-shot, CoT)

EM
(3-shot, CoT)

F1
(1-shot, GP)

P@10
(0-shot)

Win % vs
InstructGPT003

Vanilla LLaMa 13B 42.3 14.5 39.3 43.2 28.6 - -
+SuperNI 49.7 4.0 4.5 50.2 12.9 4.2 20.9
+CoT 44.2 40.0 41.9 47.8 23.7 6.0 33.9
+Flan V2 50.6 20.0 40.8 47.2 16.8 3.2 29.8
+Dolly 45.6 18.0 28.4 46.5 31.0 13.7 30.5
+Open Assistant 1 43.3 15.0 39.6 33.4 31.9 58.1 36.9
+Self-instruct 30.4 11.0 30.7 41.3 12.5 5.0 21.8
+Unnatural Instructions 46.4 8.0 33.7 40.9 23.9 8.4 26.9
+Alpaca 45.0 9.5 36.6 31.1 29.9 21.9 29.0
+Code-Alpaca 42.5 13.5 35.6 38.9 34.2 15.8 30.1
+GPT4-Alpaca 46.9 16.5 38.8 23.5 36.6 63.1 37.6
+Baize 43.7 10.0 38.7 33.6 28.7 21.9 29.4
+ShareGPT 49.3 27.0 40.4 30.5 34.1 70.5 42.0

+Human data mix. 50.2 38.5 39.6 47.0 25.0 35.0 39.2
+Human+GPT data mix. 49.3 40.5 43.3 45.6 35.9 56.5 45.2

Table 5.3: Comparison of different instruction tuning datasets, showing that different instruction-tuning
datasets can excel in different aspects, and mixtures perform best on average.

MMLU
(factuality)

GSM
(reasoning)

BBH
(reasoning)

TydiQA
(multilinguality)

Codex-Eval
(coding)

AlpacaEval
(open-ended) Average

EM
(0-shot)

EM
(8-shot, CoT)

EM
(3-shot, CoT)

F1
(1-shot, GP)

P@10
(0-shot)

Win % vs
InstructGPT003

Pythia 6.9B 34.8 16.0 29.2 32.8 20.9 23.5 26.2
OPT 6.7B 32.6 13.5 27.9 24.1 8.9 25.9 22.2
LLAMA 7B 44.8 25.0 38.5 43.5 29.1 48.6 38.3
LLAMA-2 7B 49.2 37.0 44.2 52.8 33.9 57.3 45.7

Table 5.4: Performance of different base models after training on the Human+GPT data mixture.

To get a more reliable evaluation, we recruited a group of 18 expert annotators who are researchers at

AI2 or students at UW. All of them are fluent English speakers, holding bachelor’s degrees or above.

5.5 Results

5.5.1 Analysis of Instruction Tuning Datasets and Base Models

To understand how the instruction datasets listed in Table 5.1 contribute to model abilities, we evaluated

LLaMa 13B models trained on these datasets using our evaluation suite. Table 5.3 shows the results on our

benchmark evaluation set, with more extensive results in App. D.4. We find that:
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There is not a single best instruction tuning dataset across all tasks. Different datasets enable different

capabilities in the model. Noteworthy examples include training on CoT being particularly helpful for

mathematical reasoning in GSM and Code-Alpaca being helpful for Codex-Eval. We hypothesize that success

on these tasks, which are significantly different from the rest of the evaluation tasks, calls for training sets

where these tasks are well-represented. Apart from constructing task-specific datasets manually, distilling

task-specific data from large models also appears to be an effective way to ensure this (e.g., CodeAlpaca is

distilled from InstructGPT003).

Combining datasets results in the best overall performance on the benchmark tasks. While models

trained on our combination datasets are often not the best model for a single task (being the best only in

2 out of 6 evaluation settings), they are the best when measuring average performance across tasks. This

suggests that future work into better dataset mixing or instruction-tuning modular models (e.g., mixture-of-

experts [Shazeer et al., 2017]) is a promising direction for developing models that retain strong performance

across all evaluation settings.

Base model quality is extremely important for downstream performance. We examine the impact

of using different base models in Table 5.4, comparing LLAMA, OPT [Zhang et al., 2022], and Pythia

[Biderman et al., 2023] models of comparable size trained on the Human+GPT data mix. Across all evaluation

settings, we find that using LLAMA performs best by a significant margin, likely due to the fact that LLAMA

is pretrained on significantly more tokens than the other models (see Table 5.2). This suggests that models

pretrained on larger (or potentially higher-quality) corpora are preferable as base models for instruction

tuning. The later addition of LLAMA-2 confirms this finding by showing a significant improvement can

come from only the base model upgrade.

Some datasets degrade vanilla model performance. Notably, most datasets we evaluate cause degrada-

tion in performance on GSM and TydiQA over the vanilla base model. We hypothesise this is due to data

style and quality. Many of the datasets we examine contain little to no examples of chain-of-thought-style

reasoning and contain little to no multilingual data. As such, training on these datasets likely results in

some forgetting of the CoT or multilingual abilities previously held by the model, resulting in degraded

performance. Additionally, we note that self-instruct appears to cause degradations across most tasks, which

we hypothesise is due to the relatively poor quality of the original self-instruct data, being generated by a
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MMLU
(factuality)

GSM
(reasoning)

BBH
(reasoning)

TydiQA
(multilinguality)

Codex-Eval
(coding)

AlpacaEval
(open-ended) Average

EM
(0-shot)

EM
(8-shot, CoT)

EM
(3-shot, CoT)

F1
(1-shot, GP)

P@10
(0-shot)

Win % vs
InstructGPT003

Vanilla LLaMa models ↓

LLaMa 7B 31.5 10.0 33.0 38.4 20.5 - -
LLaMa 13B 42.3 14.5 39.3 43.2 28.6 - -
LLaMa 30B 54.6 36.0 49.5 55.3 42.8 - -
LLaMa 65B 58.7 50.0 58.1 56.8 46.9 - -
LLaMa-2 7B 41.8 12.0 39.3 51.2 26.8 - -
LLaMa-2 13B 52.0 25.0 48.9 56.5 32.5 - -

65B models trained on alternate data mixtures ↓

ShareGPT 65B 61.3 (+2.6) 59.0 (+9.0) 55.8 (-2.3) 31.6 (-25.2) 56.2 (+9.3) 73.6 56.3
Human mix. 65B 60.4 (+1.7) 60.0 (+10.0) 54.8 (-3.3) 58.3 (+1.7) 44.6 (-2.3) 43.4 53.6

models trained on our final Human+GPT data mixture ↓

TÜLU 7B 44.8 (+13.3) 25.0 (+15.0) 38.5 (+5.5) 43.5 (+5.1) 29.1 (+8.6) 48.6 38.3
TÜLU 13B 49.3 (+7.0) 40.5 (+26.0) 43.3 (+4.0) 45.6 (+2.4) 35.9 (+7.3) 56.5 45.2
TÜLU 30B 57.7 (+3.1) 53.0 (+17.0) 51.9 (+2.4) 51.9 (-3.4) 48.0 (+5.2) 62.3 54.1
TÜLU 65B 59.2 (+0.5) 59.0 (+9.0) 54.4 (-3.7) 56.6 (-0.2) 49.4 (+2.5) 61.8 56.7

models trained on our final Human+GPT data mixture using LLAMA-2 ↓

TÜLU-1.1 7B 49.2 (+7.4) 37.0 (+25.0) 44.2 (+4.9) 52.8 (+1.6) 33.9 (+7.1) 57.3 45.7
TÜLU-1.1 13B 52.3 (+0.3) 53.0 (+28.0) 50.6 (+1.7) 58.8 (+2.3) 38.9 (+7.4) 64.0 52.9

Proprietary models ↓

ChatGPT 67.9 76.0 66.1 51.9 88.4 83.6 72.3
GPT-4 82.4 92.5 88.0 70.8 94.1 93.5 86.9

Table 5.5: Performance of TÜLU and other of our trained models to vanilla LLAMA models and the state-of-
the-art proprietary models across evaluation settings. See Table D.1 for a complete list.

weaker model (base GPT-3) than the other GPT-distilled datasets.

5.5.2 Pushing the Limits of Open Models

Having established that (a) using a broad mix of data is best, and (b) using LLAMA as the base model is

preferable to other open alternatives, we compare the performance of models trained on the Human+GPT

data mix (TÜLU models) across all LLAMA sizes in Table 5.5. We find that:

Instruction tuning brings large benefits on top of LLAMA models at all sizes. On average, all

LLAMA models improve considerably after instruction tuning.

Smaller models benefit most from instruction tuning. We find that relative improvements from

instruction tuning are largest for the smallest models, and shrink as models get larger. Notably, the 65B
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LLAMA model performs comparably or better than the 65B TÜLU model on MMLU, BBH, and TydiQA.

This suggests that instruction-tuning does not help to enhance strong capabilities already present in the

original model, and also highlights that care must be taken during finetuning to avoid forgetting the base

model’s original capabilities.

TÜLU still lags behind state-of-the-art proprietary models. Despite the impressive performance of

TÜLU 65B, it lags behind ChatGPT and GPT-4 in all evaluation settings, contrary to prior claims that models

trained on these open resources can match ChatGPT [Zhou et al., 2023a; Chiang et al., 2023]. We note

we cannot discount the possibility that either ChatGPT or GPT-4 was trained on significant portions

of our evaluation suite. However, the presence of a significant gap between TÜLU models and ChatGPT

matches our findings in the model and human-based evaluations, which are less likely to be compromised.

5.5.3 Evaluation of Potential Risks and Harms ToxiGen (↓) TruthfulQA (↑)

Model ↓ 7B 13B 7B 13B

LLAMA 85.4 82.6 26.2 23.6

+ SuperNI 85.3 77.3 26.7 26.2

+ CoT 63.0 43.9 35.1 35.5

+ Flan V2 77.5 61.4 33.2 33.4

+ Dolly 72.1 78.9 30.1 32.9

+ Open Assistant 1 39.2 5.2 40.9 48.6

+ Self-instruct 89.0 89.3 22.4 22.4

+ Unnatural Inst. 35.8 55.7 27.3 31.7

+ Alpaca 63.2 58.1 33.5 39.8

+ Code-Alpaca 84.3 92.0 25.1 26.7

+ GPT4-Alpaca 3.9 1.2 51.2 56.7

+ Baize 77.2 41.2 42.4 43.9

+ ShareGPT 5.5 2.5 45.3 60.0

+ Human mix. 51.8 76.9 34.1 32.1

+ TÜLU 10.6 0.1 44.6 41.6

ChatGPT 27.7 75.2

GPT-4 10.6 82.3

Table 5.6: Performance of models on Tox-
iGen (% toxic generations, lower is better)
and TruthfulQA (% truthful and informative
answers, higher is better). See Table D.2
and D.3 for the full breakdown.

We evaluate our models on ToxiGen and TruthfulQA to measure

the degree to which different datasets are likely to yield models

that generate toxic language or misinformation. We find that:

Trends remain similar to capability-focused bench-

marks. Similarly to the results in Sec. 5.4.1, we find that

GPT-distilled datasets yield the best overall performance and

that there is a large variance in performance across datasets.

Models trained on GPT-sourced data yield less toxic gen-

erations than GPT. Larger models trained on GPT-distilled

data appear to refuse to produce toxic generations almost en-

tirely, despite the fact that ChatGPT and GPT-4 produce toxic

generations a non-trivial amount of the time. We hypothesise

this is due to our models overfitting on refusal-style behaviour,

refusing to generate anything moderately toxic, while GPT

models balance refusal behaviour with helpfulness to a greater

extent.
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Training Dataset ↓ 7B 13B 30B 65B

SuperNI 2.9 4.2
CoT 5.0 6.0
Flan V2 3.1 3.2
Dolly 11.0 13.7
Open Assistant 1 51.4 58.1
Self-instruct 4.0 5.0
Unnatural Instructions 7.5 8.4
Alpaca 21.4 21.9
Code-Alpaca 15.3 15.8
GPT4-Alpaca 57.3 63.1
Baize 20.0 21.9
ShareGPT 62.4 70.5 69.1 73.6

Human mix. 28.7 35.0 38.3 43.4
TÜLU 48.6 56.5 62.3 61.8

Table 5.7: Win-rate (%) of LLAMA models of
varying sizes finetuned on the given dataset against
InstructGPT003 using AlpacaEval [Li et al., 2023b].
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Figure 5.2: Win-rate scores of 13B models (trained
on different datasets) given by GPT-4 strongly cor-
relate with the average numbers of unique tokens in
the model responses (Pearson r = 0.96).

TruthfulQA performance does not scale. Unlike other

benchmarks, we find that TruthfulQA performance does not improve with model size. Further examining this,

we find that larger models do output more correct facts, but also tend to hedge and refuse to give informative

answers more often, resulting in little to no overall improvements as model size increases.

5.5.4 Model-Based Evaluation Results for Open-Ended Generation

We report the AlpacaEval win-rates of our models in Table 5.7. We find that:

Models trained on mixtures based on traditional NLP datasets perform poorly. CoT, FLAN, and

SuperNI all perform extremely poorly in open-ended instruction following, despite these datasets providing

large improvements to the model capabilities tested in Table 5.3.

Datasets that encourage long, diverse generations perform best. Intrigued by ShareGPT’s perfor-

mance, we plot the average number of unique tokens in model generations against the AlpacaEval win-rate in

Figure 5.2. We find that the evaluation is strongly correlated with the average number of unique tokens

(Pearson correlation of 0.96, p≪ 0.05). Given GPT-4’s strong performance on other tasks, we do not believe

that GPT-4 evaluation is merely counting unique tokens, but this result highlights how model preference

scores do not necessarily reward only model capabilities.
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Figure 5.3: Human acceptance
rates for four evaluated models.
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Figure 5.4: Human preference rates for three comparison pairs of
models.

ShareGPT performs best. We find that ShareGPT consistently performs best across all model sizes,

including models trained on data mixes that include ShareGPT. Models trained on ShareGPT achieve higher

win-rates than models over twice their size (e.g., 13B ShareGPT vs 65B TÜLU). We hypothesize this is due

to ShareGPT’s diversity, size, and the high average # tokens of target responses.

Overall, these results suggest that while model preference evaluation is important, it does not provide a

holistic evaluation of these models. Instead, model preference evaluation should only be included as part of a

larger, more comprehensive evaluation setup.

5.5.5 Human Evaluation Results for Open-Ended Generation

Finally, we show the human evaluation results in Figure 5.4 and we refer the reader to Appendix §D.5.2

for the inner-annotator agreement. We find that the human evaluation results largely correlate with the

AlpacaEval and benchmark-based evaluation: all evaluations show that 65B TÜLU outperforms 7B TÜLU,

suggesting making use of larger base models is important, and there is still a nontrivial gap in performance

between 65B TÜLU and ChatGPT. We also find that making use of distilled datasets provides a large

performance boost, suggesting that human-authored datasets are lacking in comparison. These observations

are also consistent with the acceptability scores in Figure 5.3. However, we note that 7B TÜLU outperforms

the human-mix 65B TÜLU in the model preference evaluation, but if we compare the acceptability scores in

Figure 5.3, the opposite appears true. This is further evidence that model pairwise evaluation may not always

reveal model deficiencies. In this case, the 65B human-mix model is more likely to yield acceptable (if not

high-quality) responses than the 7B model.
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5.6 Discussion & Future Work

Despite the comprehensiveness of our evaluations, we note that we did not exhaustively cover all possible

evaluations: for example, we do not explicitly evaluate models on their multi-turn dialogue abilities nor their

summarization abilities. Instead, we focus on a core set of capabilities we believe important, and cover broad

open-ended tasks via our model and human preference-based evaluations.

We also note that we do not cover all possible instruction datasets and open models released recently, due

to the computational cost of doing this. Instead, we focus on a wide set of datasets we believe are broadly

representative of the type of open instruction datasets available (human-authored, skill-targeted, GPT-distilled,

etc), and focused on the strongest base model widely available when performing experiments. Future work

could investigate whether more recent strong base models (e.g., the Falcon model [Almazrouei et al., 2023]),

or other instruction datasets, perform significantly better or differently from the models explored in this work.

Finally, we note that open-ended instruction-based evaluation is highly subjective and difficult due to its

extremely open-ended nature. There is likely no one answer that is definitively the best for any given query,

and different annotators (whether they be human or model) will have different biases and preferences. We also

note that in the case of model-based evaluations, we primarily compare our model outputs to InstructGPT003

generations, which may result in overly rewarding models that avoid shortcomings of InstructGPT003, or not

properly rewarding models that share strengths with InstructGPT003.

5.7 Summary

In this work, we provide an extensive evaluation of a wide variety of publicly available resources for

instruction-tuning models, and compare them to the strongest proprietary models currently available. We find

that using strong base models is vital to performance, combining datasets works best on average (but does

result in slight performance drops compared to best performance in specific tasks), and our strongest open

models do not yet match ChatGPT or GPT-4. Furthermore, we believe that our evaluation highlights the need

for the continued development of strong base models and broader, diverse datasets. Finally, we hope that our

evaluation and released code and models enable more comprehensive evaluations and spur research to close

these gaps and shed insights on all large language models, closed or open.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This dissertation addressed the critical challenge of steering general-purpose language models (LMs) to

effectively serve a multitude of complex downstream applications. I have argued that moving beyond simply

scaling pretraining data requires a systematic rethinking of how data is structured, created, shared, and

utilized in the post-training phase. The core contribution of this work is the proposal and investigation of

four scalable data paradigms designed to provide a more principled, efficient, and sustainable foundation for

developing capable and aligned LMs.

First, the unified data paradigm, explored through instruction tuning and the development of the

SUPER-NATURALINSTRUCTIONS benchmark and Tk-INSTRUCT model, demonstrated that representing

diverse NLP tasks via natural language instructions significantly enhances model generalization. Second, the

synthetic data paradigm, exemplified by the SELF-INSTRUCT framework, showed that LMs themselves can

be leveraged to generate vast quantities of diverse instructional data, enabling scalable data creation and even

model self-improvement. Third, the human-AI collaboration paradigm, through the HYPER framework,

offered a novel approach to optimize preference data collection by intelligently routing annotation tasks,

thereby improving the efficiency and quality of data for reinforcement learning from human feedback. Finally,

the open data paradigm, investigated through the systematic study and development of the TÜLU models,

highlighted the crucial role of open datasets and collaborative efforts in advancing research and democratizing
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access to powerful LMs.

Collectively, these paradigms—unifying task representations, synthesizing training data with models,

optimizing human-AI annotation, and fostering open data ecosystems—represent significant strides towards

more robust and scalable methods for post-training LMs. The findings and methodologies presented herein

have contributed to the evolving landscape of AI, shaping how we approach data in the ongoing quest for

more capable, reliable, and adaptable language models. As AI continues to advance, a data-centric perspective

remains paramount for sustainable progress.

6.2 Future Work

The research presented in this dissertation opens up several promising avenues for future investigation,

building upon the data foundation established. I envision a future where AI systems advance in capability and

generality while operating within an ecosystem that is ethically sound, legally clear, open, and beneficial to

all. My future research agenda plans to enhance and expand this data foundation through four interconnected

directions.

6.2.1 Data Optimization and Expansion at Scale

As the link between data and model performance becomes increasingly evident, research on principled data

expansion and automated optimization is urgently needed. Current practices for expanding datasets are often

driven by intuition rather than principled analysis. Future work must establish systematic approaches to the

critical question: "Where should we expand new data?" This involves identifying gaps in model capabilities

and strategically sourcing data to fill them. Such a strategy must move beyond simple data selection or

pruning and toward a holistic optimization framework. This framework will need to decide what data to

use, how to augment it, and where to source it from—be it human annotators or model synthesis—while

considering the potential for errors and biases from each source. The algorithm presented in §4 on hybrid

preference learning [Miranda et al., 2024] and my previous work on data cartography [Swayamdipta et al.,

2020] can serve as initial attempts for more general methods.
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6.2.2 Automated Verification for Model Improvement

As the downstream tasks and applications for AI systems become increasingly complex, it will be very costly

and challenging for humans to supervise model responses entirely or to provide direct judgment on their

correctness and quality. Developing automated verification systems is a crucial area of research. The goal is

to build a versatile system capable of verifying diverse aspects of model outputs, such as factual correctness,

logical consistency of reasoning, adherence to complex instructions, and safety guidelines. Such a system

would integrate various techniques, including retrieval-augmented fact checking, tool use, reasoning, and

formal methods. Building such systems will be valuable in multiple aspects. The verification systems can

operate independently to provide more advanced evaluations or enhance user trust in the model outputs by

presenting the verification results. More importantly, these verification systems must be integrated back into

the training loop. Verified correct behaviors can act as positive examples, while identified failures provide

negative signals or penalties in a "Reinforcement Learning from Verifiable Rewards" (RLVR) framework

introduced in our TÜLU 3 paper [Lambert et al., 2024a].

6.2.3 Fair and Responsible Data Practices in AI

Addressing the pressing issues around privacy, copyright, and ethical integrity in data usage is paramount

for the sustainable development of AI. I plan to pursue two primary lines of research toward this goal. The

first is developing robust and scalable methods for data attribution, tracing model outputs back to training

data to ensure fair compensation and credit for original creators. This involves advancing techniques like

influence functions [Koh and Liang, 2017] and watermarking [Kirchenbauer et al., 2023] to make them

reliable investigative tools. OLMoTrace [Liu et al., 2025] has made initial efforts to efficiently track model

responses to pretraining and finetuning data using efficient n-gram matching algorithms. The second is

establishing better mechanisms for tracking the provenance of data to increase legitimacy, prevent data

contamination, and ensure license compliance [Longpre et al., 2023b]. While we made valuable attempts

in TÜLU3 by manually checking the provenance of each data source [Lambert et al., 2024a], they are not

scalable. Tackling these challenges will require interdisciplinary collaboration between computer science,

law, and policy, building upon the transparent artifacts released from open projects like OLMo [Groeneveld

et al., 2024] and TÜLU [Wang et al., 2023b; Ivison et al., 2023, 2024; Lambert et al., 2024a].
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6.2.4 Data for Real-World Multimodal Interactions

As the field is working on expanding the generality of AI systems, I believe that incorporating more

comprehensive inputs into our models and teach the model how to act in the real world would be the critical

next step. This necessitates a focus on data involving multiple modalities and real-world interactions, which

is often sparse and raises significant concerns regarding privacy and safety. My research will advance this

frontier by extending the unified view of tasks from my earlier work to formulate a new paradigm of tasks

incorporating multi-modal inputs and real-world interactions based on existing work [Talmor et al., 2021;

Hu et al., 2023]. Furthermore, my experience with synthetic textual data [Wang et al., 2022a] can inform

the use of simulation to produce diverse interaction data at scale. Experiences from building open language

models [Groeneveld et al., 2024] can also guide the open development of models that encompass modalities

beyond language and vision, fostering collaboration with experts in perception, robotics, and planning.
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Appendix A

Appendix: Unifying NLP Tasks by Adding

Instructions

A.1 Crowdsourcing Human Feedback

We use Amazon Mechanical Turk (AMT) to crowdsource feedback on the quality of the collected instructions.

We limit our crowdworkers to predominantly English-speaking countries (USA, UK, Canada, and Australia),

and to those who have finished over 1k HITs with an approval rating of over 99%.

Fig. A.1 shows the crowdsourcing template used for collecting crowdworker feedback on our instructions.

We show the instructions (the task definition, along with positive and negative examples) followed by forms

for their feedback. We allow the crowdworkers to give us a qualitative measure of their perceived quality

as well as text boxes for more concrete items (such as typos or phrasings that may benefit from more clear

articulation). For each task, we solicit the feedback of 3 crowdworkers and then use this feedback to improve

the task definitions or the examples for each task.

A.2 Crowdsourcing Human Judgements of Generation Quality

We perform a crowdsourcing experiment on Amazon Mechanical Turk (AMT) to assess the quality of the

generated responses of models. Specifically, we ask crowdworkers to indicate if they prefer the predicted

answer by the model or the ground truth outputs for each instances. The annotation interface is shown in
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Figure A.1: The crowdsourcing template we use to receive feedback on our collected tasks.

Fig. A.2 which is essentially the same template used for the quality assessment of the dataset (§A.1), except

that here the crowdworkers are shown a pair of responses for each instances—the reference text (from our

benchmark) and the one generated by the model—turning the task into a comparative evaluation.

For each instance, we obtain annotations from an annotators as to whether they prefer either responses

over the other or they would rate them equally (“tie”). The model receives a credit of 1.0 if the worker favors

the model’s prediction at least as good as the ground truth label (otherwise, the model would receive a credit

of 0.0). The overall accuracy score for the model is computed by averaging instance-level scores. To reduce

the costs, the human evaluation of our models is done on 60 randomly selected tasks (about half of our

evaluation tasks), and on 10 random instances of each task.

Since it is non-trivial to find non-English speaking crowdworkers [Pavlick et al., 2014], this evaluation

was restricted to English language tasks. Therefore, since our task is focused on English tasks, we required

workers to be based in a country with a population predominantly of native English speakers (e.g., USA,

Canada, UK, and Australia) and have completed at least 5000 HITs with ≥99% assignment approval rate.

The resulting human-evaluation metric indicates how often were model predictions at least as good as our
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Figure A.2: Crowdsourcing interface used for human assessment of our baselines (§5.4.3).

ground truth labels. In this evaluation, the theoretical upperbound is 100% where the model is rated at least

as good as the ground truth. The results of human evaluation are shown in the bottom row of Fig. 2.5.

A.3 Instruction Schema

We instruction schema is based on that of NATINST [Mishra et al., 2022b] but we simply it largely for make

data collection easier. Our DEFINITION field serves as the union of Mishra et al. [2022b]’s DEFINITION,

THINGS TO AVOID, and EMPHASIS & CAUTION. Additionally, we drop their TITLE and PROMPT as their

content is most often covered by DEFINITION.

A.4 Model Implementation Details

T5 experiments. We use T5 for training our Tk-INSTRUCT, estimating the performance of supervised

approach, and conducting analysis. Our experiments that finetune the T5-11B model are conducted based on

the Google’s T5 library1 and we use their T5.1.1.xxl checkpoint2 by default, which is pre-trained only on C4.

1https://github.com/google-research/ text-to-text-transfer-transformer
2https://console.cloud.google.com/storage/browser/ t5-data/pretrained_models/ t5.1.1.xxl
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These experiments are run on Google V3-256 TPUs using a batch size of 1,048,576 tokens (1,024 examples),

a constant learning rate of 1e-5 and a total of 1000 steps. Each training takes 4 hours to finish.

Our analyses that use T5 models smaller than 11B are conducted based on Huggingface’s transformers

library and model checkpoints3 [Wolf et al., 2020] on GPU machines. When fine-tuning models, we train

them for two epochs with a batch size of 16 and a constant learning rate of 1e-5. The maximum input length

is set to 1024, and the maximum output length is set to 128. These experiments are conducted with 8 A100

GPUs with 48GB GPU memory per each. We use DeepSpeed4 for model parallelization, with bfloat16

precision enabled to save the GPU memory. Each training takes 6 hours to finish.

GPT3 and InstructGPT experiments. We use the OpenAI API5 for conducting the GPT3 experiments.

We use their “davinci” engine for the GPT3 language model experiments and their “text-davinci-001” engine

for the InstructGPT experiments. When making the requests, we set the temperature as 0, top_p as 1 and the

maximum generation length as 128. Due to the expensive cost, we randomly sample 20 instances from each

of our 119 test tasks to estimate the performance of GPT3 and InstructGPT. All API requests were made on

May 30th, 2022.

Encoding instruction with input For every problem setup, we map a given instruction It and an input

instance x into a textual format obtain enc(It, x). Each instruction It consists of multiple elements as

described in our instruction schema (§2.3). We map each element of the instruction to a textual format and

append it before the input instance. Fig. A.3 shows how we encode the full instruction. We study different

combinations of these instruction elements in §2.6.2. The encoded instance is then fed to an encoder-decoder

model to predict y: M : enc(It, x)→ y.

A.5 Evaluation Metrics

We adopt ROUGE-L as our automatic evaluation metric in this work. However, it remains a question how

much ROUGE-L can reflect model’s performance on different tasks. Although we cannot test ROUGE-

3https://huggingface.co/docs/ transformers/ index
4https://github.com/microsoft/DeepSpeed
5https://beta.openai.com/docs/ introduction/overview
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Definition : {{definition}}
Positive Example 1−

input : {{p_ex1.input}}
output : {{p_ex1.output}}
explanation : {{p_ex1.exp}}

Positive Example 2−
· · ·

Negative Example 1−
input : {{n_ex1.input}}
output : {{n_ex1.output}}
explanation : {{n_ex1.exp}}

Negative Example 2−
· · ·

Now complete the following example−
input : {{x.input}}
output :

Figure A.3: Encoding task instruction with input.

L’s correlation with each task-specific metric of the tasks included in our data, we do investigate whether

ROUGE-L can be used for classification tasks. Fig. A.4 plots the ROUGE-L scores and accuracy of several

models on different types of tasks. These task types are usually regarded as classification tasks, and have very

short ground truth output. We can see that for all these task types, the trend of ROUGE-L correlates well with

the trend of accuracy. For some task types, we do see some gap between these two metrics. The reason is

because there are some generation tasks categorized into these types. These results indicate that ROUGE-L is

a good proxy for accuracy for classification tasks.

A.6 Distribution of Tasks

As is described in §2.3, SUPERNI provides the annotation for categorizing tasks along three different

dimensions: task type, language and domain. Fig. A.5 shows the distribution of tasks among these three

dimensions. This meta-information can be used to study model’s generalization ability in different senses.

Despite the diversity of the data, we acknowledge the skew toward certain tasks and languages, which we

leave to be addressed by future work.
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Figure A.4: ROUGE-L v.s. Accuracy for task types that are usually regarded as classification tasks. The
trends of these two metrics are highly correlated with each other even if not overlapped.
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Figure A.5: Distribution of SUPERNI tasks in terms of their (a) task types (b) languages (c) domains. y-axes
are in log scale.
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A.7 Evaluation Tasks

Table A.1 lists the 12 task categories used for our evaluation and all the tasks included in each category

(introduced in §2.5.1). To provide a better sense of what those tasks look like, we also select one representative

task from each category and list them in Table A.2 - A.13. Due to the large number of tasks in our dataset, we

cannot list all 1,616 tasks in this paper. We refer the reader to our dataset.

A.8 Performance Improvement per Evaluation Task

To provide more detailed analysis of Tk-INSTRUCT on each individual task, Fig. A.6 presents the per-task

improvement of our Tk-INSTRUCT (3B) model over the best of two heuristic baselines on the English

evaluation tasks, and Fig. A.7 presents the per-task improvement of the mTk-INSTRUCT model on the

cross-lingual evaluation tasks. For most of the evaluation tasks, we see a significant extent of generalization

by Tk-INSTRUCT.
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Task Category Metric List of Tasks
Textual
Entailment

Exact Match task937_defeasible_nli_atomic_textual_entailment
task202_multinli_textual_entailment
task936_defeasible_nli_atomic_textual_entailment
task641_e_snli_textual_entailment
task1344_rte_textual_entailment
task1615_sick_textual_entailment
task1385_anli_textual_entailment
task935_defeasible_nli_atomic_textual_entailment
task199_multinli_textual_entailment
task1388_cb_textual_entailment
task1554_scitail_textual_entailment
task640_e_snli_textual_entailment
task534_farstail_textual_entailment
task201_multinli_textual_entailment

task1386_anli_textual_entailment
task463_pasinlu_textual_entailment
task1387_anli_textual_entailment
task738_perspectrum_textual_entailment
task1529_scitailv1.1_textual_entailment
task190_snli_textual_entailment
task200_multinli_textual_entailment
task1612_sick_textual_entailment
task970_sherliic_textual_entailment
task890_gwsd_textual_entailment
task464_pasinlu_textual_entailment
task1516_imppres_textual_entailment
task642_e_snli_textual_entailment

Cause
Effect
Classification

Exact Match task1178_xcopa_cause_effect_classification
task391_cod3s_cause_effect_classification
task939_indicnlp_cause_effect_classification
task392_cod3s_cause_effect_classification
task938_indicnlp_cause_effect_classification
task1168_xcopa_cause_effect_classification
task828_copa_cause_effect_classification
task1628_copa_hr_cause_effect_classification
task943_indicnlp_cause_effect_classification
task1182_xcopa_cause_effect_classification
task1171_xcopa_cause_effect_classification
task968_xcopa_cause_effect_classification
task942_indicnlp_cause_effect_classification
task1181_xcopa_cause_effect_classification
task1172_xcopa_cause_effect_classification
task1393_copa_cause_effect_classification
task1174_xcopa_cause_effect_classification
task1627_copa_hr_cause_effect_classification
task1177_xcopa_cause_effect_classification

task1184_xcopa_cause_effect_classification
task1185_xcopa_cause_effect_classification
task1176_xcopa_cause_effect_classification
task614_glucose_cause_effect_classification
task1629_copa_hr_cause_effect_classification
task1175_xcopa_cause_effect_classification
task827_copa_cause_effect_classification
task1173_xcopa_cause_effect_classification
task1180_xcopa_cause_effect_classification
task1170_xcopa_cause_effect_classification
task1183_xcopa_cause_effect_classification
task969_xcopa_cause_effect_classification
task941_indicnlp_cause_effect_classification
task1626_copa_hr_cause_effect_classification
task940_indicnlp_cause_effect_classification
task393_cod3s_cause_effect_classification
task1169_xcopa_cause_effect_classification
task1179_xcopa_cause_effect_classification

Coreference
Resolution

Exact Match task1391_winogrande_coreference_resolution
task1664_wino_bias_coreference_resolution
task304_numeric_fused_head_coreference_resolution
task892_gap_coreference_resolution
task891_gap_coreference_resolution
task330_gap_coreference_resolution
task401_numeric_fused_head_coreference_resolution

task033_winogrande_coreference_resolution
task133_winowhy_coreference_resolution
task329_gap_coreference_resolution
task249_enhanced_wsc_coreference_resolution
task648_winograd_wsc_coreference_resolution
task1390_wsc_fiexed_coreference_resolution
task893_gap_coreference_resolution

Dialogue
Act
Recognition

Exact Match task879_schema_guided_dstc8_dialogue_act_recognition
task362_spolin_dialogue_act_recognition
task1533_dailydialog_dialogue_act_recognition
task1534_dailydialog_dialogue_act_recognition

task880_schema_guided_dstc8_dialogue_act_recognition
task1531_dailydialog_dialogue_act_recognition
task1394_meta_woz_dialogue_act_recognition

Answerability
Classification

Exact Match task020_mctaco_answerability_classification
task050_multirc_answerability_classification
task1439_doqa_answerability_classification
task233_iirc_answerability_classification
task226_stack_overflow_answerability_classification
task396_persianqa_answerability_classification
task1640_adverserial_qa_answerability_classification

task232_iirc_answerability_classification
task1442_doqa_answerability_classification
task242_tweetqa_answerability_classification
task1624_disfl_qa_answerability_classification
task520_aquamuse_answerability_classification
task290_tellmewhy_answerability_classification
task349_squad2.0_answerability_classification

Word Analogy Exact Match task1155_bard_word_analogy
task1152_bard_word_analogy
task1158_bard_word_analogy
task1156_bard_word_analogy
task1157_bard_word_analogy

task1159_bard_word_analogy
task1153_bard_word_analogy
task1154_bard_word_analogy

Overlap
Extraction

ROUGE-L task039_qasc_overlap_extraction task281_points_of_correspondence_overlap_extraction

Keyword
Tagging

ROUGE-L task613_liar_keyword_tagging
task645_wiki_auto_all_data_keyword_tagging
task620_ohsumed_keyword_tagging

task036_qasc_keyword_tagging
task623_ohsumed_keyword_tagging

Question
Rewriting

ROUGE-L task670_ambigqa_question_rewriting
task121_zest_question_rewriting
task1195_disfl_qa_question_rewriting
task442_com_qa_question_rewriting
task1345_qqp_question_rewriting
task035_winogrande_question_rewriting

task671_ambigqa_question_rewriting
task1562_zest_question_rewriting
task1622_disfl_qa_question_rewriting
task034_winogrande_question_rewriting
task402_grailqa_question_rewriting

Title
Generation

ROUGE-L task1356_xlsum_title_generation
task1540_peer_read_title_generation
task1659_billsum_title_generation
task569_recipe_nlg_title_generation
task1342_amazon_us_reviews_title_generation
task220_rocstories_title_generation
task1561_clickbait_news_bg_title_generation
task418_persent_title_generation
task1358_xlsum_title_generation
task769_qed_title_generation

task219_rocstories_title_generation
task602_wikitext_title_generation
task1586_scifact_title_generation
task743_eurlex_title_generation
task500_scruples_title_generation
task619_ohsumed_title_generation
task510_reddit_tifu_dataset_title_generation
task288_gigaword_title_generation
task1161_coda_19_title_generation

Data to Text ROUGE-L task957_e2e_data_to_text task1631_open_pi_data_to_text
task1598_nyc_data_to_text
task1728_web_nlg_data_to_text
task102_commongen_data_to_text

task677_ollie_data_to_text task1407_dart_data_to_text
task1409_dart_data_to_text
task760_msr_sqa_data_to_text

Grammar Er-
ror Correction

ROUGE-L task1557_jfleg_grammar_error_correction

Table A.1: 12 Evaluation categories (§2.5.1), their evaluation metrics (Exact Matching or ROUGE-L, §2.5.1),
and all the tasks in each category.
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Task Type Textual Entailment
Task ID task1344_rte_textual_entailment
Definition In this task, you’re given two sentences. Indicate if the first sentence clearly entails the second sentence

(i.e., one can conclude the 2nd sentence by reading the 1st one). Indicate your answer with “1” if the first
sentence entails the second sentence, otherwise answer with “0”.

Positive Ex-
ample

Input: Sentence 1: No Weapons of Mass Destruction Found in Iraq Yet. Sentence 2:Weapons of Mass
Destruction Found in Iraq.
Output: 0
Explanation: In our first statement we clearly say that Iraq does not have any weapon of mass destruction
but the second sentence says that weapon of mass destruction is found in Iraq which is a contradiction.
Hence output will be 0 for non entailment.

Negative
Example

Input: Sentence 1: Valero Energy Corp., on Monday, said it found "extensive" additional damage at its
250,000-barrel-per-day Port Arthur refinery. Sentence 2: Valero Energy Corp. produces 250,000 barrels per
day.
Output: 0
Explanation: The first statement mentions that there was damage found in the 250,000 barrel-per-day Port
Aurthur refinery. Which means that they produce 250,000 barrels a day. Hence the output should have been
1 for entailment.

Instance Input: Sentence 1: Like the United States, U.N. officials are also dismayed that Aristide killed a conference
called by Prime Minister Robert Malval in Port-au-Prince in hopes of bringing all the feuding parties
together. Sentence 2: Aristide had Prime Minister Robert Malval murdered in Port-au-Prince.
Valid Output: [“0”]

Table A.2: An example task in the Textual Entailment category of our dataset, adopted from RTE Dagan
et al. [2005]; Bentivogli et al. [2008].

Task Type Cause Effect Classification
Task ID task828_copa_cause_effect_classification
Definition In this task your given two statements. You must judge whether the second sentence is the cause or effect

of the first one. Label the instances as “cause” or “effect” based on your judgment. The sentences are
separated by a newline character.

Positive Ex-
ample

Input: The women met for coffee. They wanted to catch up with each other.
Output: cause
Explanation: The women met for coffee because they wanted to catch up with each other.

Negative
Example

Input: My body cast a shadow over the grass. The sun was rising.
Output: effect
Explanation: The rising of the sun isn’t an effect of casting a shadow over the grass.

Instance Input: The woman tolerated her friend’s difficult behavior. The woman knew her friend was going through
a hard time.
Valid Output: [“cause”]

Table A.3: An example task in the Cause Effect Classification category of our dataset, adopted from
COPA Roemmele et al. [2011].
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Task Type Coreference Resolution
Task ID task1391_winogrande_coreference_resolution
Definition In this task, you are given a question containing a blank (_) and two options. You should pick the best

option to answer the question. Please answer with “A” or “B”.
Positive Ex-
ample

Input: Katrina gave Christine a stuffed animal for their birthday, but _ already had this one. (A) Katrina (B)
Christine
Output: B
Explanation: Since the blank is someone who received the gift and already had a stuffed animal, the answer
must be “Christine”.

Negative
Example

Input: Kevin had to use less sunscreen when at the beach tanning than Justin because _ had less sensitive
skin. (A) Kevin (B) Justin
Output: (A)
Explanation: Here, an additonal parentheses has been added to the answer. Note that, a valid answer must
be “A” or “B”.

Instance Input: Benjamin hated being in the sand and just watched Nelson make castle since _ hated to be messy.
(A) Benjamin (B) Nelson
Valid Output: [“A”]

Table A.4: An example task in the Cause Effect Classification category of our dataset, adopted from
WinoGrande Sakaguchi et al. [2020].

Task Type Dialogue Act Recognition
Task ID task1394_meta_woz_dialogue_act_recognition
Definition In this task, you are given four sentences: a bot task sentence, a bot role sentence, a user

task sentence and a user role sentence. Your job is to classify given sentences into one of
the 47 different domains. The domains are: “UPDATE_CALENDAR”, “PRESENT_IDEAS”,
“MOVIE_LISTINGS”, “AUTO_SORT”, “GAME_RULES”, “CONTACT_MANAGER”, “BANK_BOT”,
“MUSIC_SUGGESTER”, “CHECK_STATUS”, “PET_ADVICE”, “HOW_TO_BASIC”,
“NAME_SUGGESTER”, “QUOTE_OF_THE_DAY_BOT”, “GUINESS_CHECK”, “INSUR-
ANCE”, “RESTAURANT_PICKER”, “MAKE_RESTAURANT_RESERVATIONS”, “WED-
DING_PLANNER”, “SKI_BOT”, “HOME_BOT”, “PLAY_TIMES”, “BUS_SCHEDULE_BOT”,
“WHAT_IS_IT”, “PHONE_PLAN_BOT”, “DECIDER_BOT”, “PHONE_SETTINGS”, “TIME_ZONE”,
“LIBRARY_REQUEST”, “UPDATE_CONTACT”, “CATALOGUE_BOT”, “PROMPT_GENERATOR”,
“SCAM_LOOKUP”, “SPORTS_INFO”, “POLICY_BOT”, “CITY_INFO”, “APARTMENT_FINDER”,
“EVENT_RESERVE”, “SHOPPING”, “EDIT_PLAYLIST”, “LOOK_UP_INFO”, “ORDER_PIZZA”,
“WEATHER_CHECK”, “APPOINTMENT_REMINDER”, “GEOGRAPHY”, “STORE_DETAILS”,
“AGREEMENT_BOT”, “ALARM_SET”.

Positive Ex-
ample

Input: Bot’s task: Inform the user that the topping they are asking for is unavailable. Bot’s role: You are a
bot designed to help customers order pizza. User’s task: Ask if a certain pizza topping is available. User’s
role: You are interacting with a pizza restaurant bot.
Output: ORDER_PIZZA
Explanation: According to the descriptions of the four sentences, we know that the type of task is
ORDER_PIZZA.

Negative
Example

Input: Bot’s task: Help the user with their pizza order. Bot’s role: You are a bot designed to help customers
order pizza. User’s task: Ask the bot for three different pizzas. User’s role: You are interacting with a pizza
restaurant bot.
Output: UPDATE_CALENDAR
Explanation: According to the descriptions of the tasks and roles, we know that the type of task is
ORDER_PIZZA, but the output is UPDATE_CALENDAR, so it is incorrect.

Instance Input: Bot’s task: Tell the user when the movie is playing on Friday night. Bot’s role: You are a a bot
designed to provide movie listings. User’s task: Ask the bot for the movie times for a movie on Friday night.
User’s role: You are interacting with a bot designed to provide movie listings.
Valid Output: [“MOVIE_LISTINGS”]

Table A.5: An example task in the Dialogue Act Recognition category of our dataset, adopted from
MetaLWOz Shalyminov et al. [2020].
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Task Type Answerability Classification
Task ID task1640_adverserial_qa_answerability_classification
Definition Given a paragraph from a wikipedia article about some topic, and a question related to the topic, determine

whether the question is answerable from the paragraph. If the question is answerable, answer “True”,
otherwise, answer “False”.

Positive Ex-
ample

Input: Another approach to brain function is to examine the consequences of damage to specific brain
areas. Even though it is protected by the skull and meninges, surrounded by cerebrospinal fluid, and isolated
from the bloodstream by the blood 2013 brain barrier, the delicate nature of the brain makes it vulnerable
to numerous diseases and several types of damage. In humans, the effects of strokes and other types of
brain damage have been a key source of information about brain function. Because there is no ability to
experimentally control the nature of the damage, however, this information is often difficult to interpret. In
animal studies, most commonly involving rats, it is possible to use electrodes or locally injected chemicals
to produce precise patterns of damage and then examine the consequences for behavior. Question: What is
surrounded by cerebrospinal fluid?
Output: True
Explanation: The paragraph comes from the wikipedia page on the brain. The answer to the question is the
brain which can be found in the paragraph.

Negative
Example

Input: NASCAR (headquartered in Daytona Beach) begins all three of its major auto racing series in
Florida at Daytona International Speedway in February, featuring the Daytona 500, and ends all three
Series in November at Homestead-Miami Speedway. Daytona also has the Coke Zero 400 NASCAR race
weekend around Independence Day in July. The 24 Hours of Daytona is one of the world’s most prestigious
endurance auto races. The Grand Prix of St. Petersburg and Grand Prix of Miami have held IndyCar races
as well. Question: What is the starting time of NASCAR’s big events?
Output: False
Explanation: This paragraph comes from the wikipedia article on Florida. The answer to the given question
is February which can be found in the paragraph, however the output is given as False.

Instance Input: Another approach to brain function is to examine the consequences of damage to specific brain
areas. Even though it is protected by the skull and meninges, surrounded by cerebrospinal fluid, and isolated
from the bloodstream by the blood 2013 brain barrier, the delicate nature of the brain makes it vulnerable
to numerous diseases and several types of damage. In humans, the effects of strokes and other types of
brain damage have been a key source of information about brain function. Because there is no ability to
experimentally control the nature of the damage, however, this information is often difficult to interpret. In
animal studies, most commonly involving rats, it is possible to use electrodes or locally injected chemicals
to produce precise patterns of damage and then examine the consequences for behavior. Question: What are
the benefts of the blood brain barrier?
Valid Output: [“True”]

Table A.6: An example task in the Answerability Classification category of our dataset, adopted from
AdversarialQA Bartolo et al. [2020].

Task Type Word Analogy
Task ID task1156_bard_word_analogy
Definition Two analogies that relate actions to the tools used to perform the action is given in the form “A : B. C : ?”.

“A : B” relates action A to tool B. Your task is to replace the question mark (?) with the appropriate tool for
the given action C, following the “A : B” relation.

Positive Ex-
ample

Input: eat : fork. cook : ?
Output: pan
Explanation: The given analogy relates actions to the tools used to perform them. A fork can be used to
eat. To cook, a pan can be used.

Negative
Example

Input: dig : shovel. wash : ?
Output: sink
Explanation: The given analogy relates actions to the tools used to perform them. A knife can be used to
cut. To wash, a sink CANNOT be used.

Instance Input: cut : knife. wash : ?
Valid Output: [“soap”, “washcloth”, “detergent”, “rag”]

Table A.7: An example task in the Word Analogy category of our dataset, adopted from BARD Fulda et al.
[2017].
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Task Type Overlap Extraction
Task ID task281_points_of_correspondence_overlap_extraction
Definition You will be given three sentences. Read them, then identify a noun phrase (person, place, or thing) or event

that is shared between all three sentences. As the output, write the span of the text corresponding to that
phrase in each sentence. Keep the order of the sentences, that is, your answer should look like: 1: *a phrase
from sentence 1* 2: *a phrase from sentence 2* 3: *a phrase from sentence 3*

Positive Ex-
ample

Input: 1: Four employees of the store have been arrested , but its manager – herself a woman – was still at
large Saturday , said Goa police superintendent Kartik Kashyap . 2: If convicted , they could spend up to
three years in jail , Kashyap said . 3: The four store workers arrested could spend 3 years each in prison if
convicted .
Output: 1: Four employees of the store 2: they 3: The four store workers
Explanation: All three mentioned parts refer to the same entity, the four employees. “of the store” in first
sentence must be included, since it is part of the same noun phrase describing the employees.

Negative
Example

Input: 1: But an Arizona official told CNN Bates never trained with the agency . 2: He didn’t come to
Arizona , the official from the Maricopa County Sheriff ’s Office said , and he certainly didn’t train with us .
3: Maricopa County Sheriff ’s Office in Arizona says Robert Bates never trained with them .
Output: 1: the agency 3: Maricopa County Sheriff ’s Office in Arizona
Explanation: The two noun phrases given in this example are correct, but there’s no noun phrase from
sentence 2. You should include all three sentences in your response.

Instance Input: 1: The President is headed to Panama for a regional summit , and Julie Pace of The Associated Press
reports one of the big questions is whether he ’ll make history and have a face-to-face meeting with Cuban
leader Raul Castro . 2: And so what the White House is going to be weighing is whether this meeting would
be a way to generate more progress or whether it would be a premature reward for the Castros . 3: White
House weighing whether Obama should meet with Raul Castro .
Valid Output: [“1: Cuban leader Raul Castro 2: the Castros 3: Raul Castro”, “1: face-to-face meeting 2:
this meeting 3: meet”]

Table A.8: An example task in the Overlap Extraction category of our dataset, adopted from PointsOfCorre-
spondence Lebanoff et al. [2020].
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Task Type Keyword Tagging
Task ID task620_ohsumed_keyword_tagging
Definition Given an abstract, generate a keyword (a noun phrase) that best describes the focus or contribution of the

paper. Such keywords can be directly from the given abstract or outside it.
Positive Ex-
ample

Input: Abstract: Our results suggest that ethylene oxide retention after sterilization is increased in cupram-
monium cellulose plate dialyzers containing potting compound. In contrast, cuprammonium cellulose plate
dialyzers without potting compound were characterized by a rapid disappearance of retained ethylene oxide
after sterilization. Whether these findings explain the low incidence of SARD with cuprammonium cellulose
plate dialyzers that do not contain potting material is a matter for continued study and experimentation.
Output: Sterilization
Explanation: This term is directly present in the abstract and it is one of the main topic in it. So can be
chosen as the medical subject heading.

Negative
Example

Input: Abstract: Our results suggest that ethylene oxide retention after sterilization is increased in cupram-
monium cellulose plate dialyzers containing potting compound. In contrast, cuprammonium cellulose plate
dialyzers without potting compound were characterized by a rapid disappearance of retained ethylene oxide
after sterilization. Whether these findings explain the low incidence of SARD with cuprammonium cellulose
plate dialyzers that do not contain potting material is a matter for continued study and experimentation.
Output: Plasma Volume
Explanation: This term is not directly present in the abstract and it is no way related to the abstract. So can
not be chosen as the medical subject heading. “Cellulose” can be become a mesh term

Instance Input: Abstract: There is controversy regarding the appropriate utilization of health care resources in the
management of tricyclic antidepressant overdosage. Antidepressant overdose patients presenting to the
emergency department (ED) are routinely admitted to intensive care units, but only a small proportion
develop cardiac arrhythmias or other complications requiring such an environment. The authors reviewed
the findings in 165 patients presenting to an ED with antidepressant overdose. They found that major
manifestations of toxicity on ED evaluation (altered mental status, seizures, arrhythmias, an d conduction
defects) were commonly associated with a complicated hospital course. Patients with the isolated findings
of sinus tachycardia or QTc prolongation had no complications. No patient experienced a serious toxic
event without major evidence of toxicity on ED evaluation and continued evidence of toxicity during the
hospital course. These data support the concept that proper ED evaluation can identify a large body of
patients with trivial ingestions who may not require hospital observation.
Valid Output: [“Antidepressive Agents, Tricyclic”, “Arrhythmia”, “California”, “Electrocardiography”,
“Emergencies”, “Emergency Service, Hospital”, “Female”, “Human”, “Length of Stay”, “Male”, “Progno-
sis”, “Retrospective Studies”, “Tachycardia, Sinus”]

Table A.9: An example task in the Keyword Tagging category of our dataset, adopted from OHSUMED Hersh
et al. [1994].

Task Type Question Rewriting
Task ID task1622_disfl_qa_question_rewriting
Definition Convert a disfluent question to a proper question. A disfluent question is a question that has some

interruptions in it while framing. A proper question is the correct form of the question without any
disfluency.

Positive Ex-
ample

Input: Why was uh where was the Rhine regulated with an upper canal?
Output: Where was the Rhine regulated with an upper canal?
Explanation: The above disfluent question is correctly converted to a proper question. The ’uh’ and the
’why’ before the correction should be removed to make it fluent.

Negative
Example

Input: When did Maududi exert the least impact no where did he exert?
Output: When did Maududi exert the least impact?
Explanation: The above disfluent question is not correctly converted to a proper question since the original
meaning in the disfluent question is where did Maudidi exert the least impact but the output asks when did
Maudidi exert the least impact.

Instance Input: What kind of, no hold up, what describes the proportionality of acceleration to force and mass?
Valid Output: [“What describes the proportionality of acceleration to force and mass?”]

Table A.10: An example task in the Question Rewriting category of our dataset, adopted from Disfl-QA Gupta
et al. [2021].
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Task Type Title Generation
Task ID task418_persent_title_generation
Definition Given a document, generate a short title of the document. The title should convey the main idea/event/topic

about which the document is being written. Note that URLs in the text have been replaced with [Link].
Positive Ex-
ample

Input: In a letter posted on the White House web site Tuesday John Brennan assistant to President Barack
Obama for homeland security and counterterrorism said Schmidt will have regular access to the president
and play a vital role in the country’s security. Schmidt’s selection comes more than 10 months after Obama
declared cyber security a priority and ordered a broad administration review. A senior White House official
said Obama was personally involved in the selection process and chose Schmidt because of his unique
background and skills. Schmidt will have regular and direct access to the president for cyber security issues
the official said. The official spoke on the condition of anonymity to discuss the selection process. At the
same time cyber experts and potential job candidates have complained that the position lacks the budgetary
and policy-making authority needed to be successful. Schmidt will report to the National Security Council
and closely support the National Economic Council on cyber issues. Schmidt’s selection suggests that
economic and business interests in the White House held more sway in the selection process. Schmidt
president and CEO of the Information Security Forum a nonprofit international consortium that conducts
research in information security has served as chief security officer for Microsoft and as cyber security chief
for online auction giant eBay. He was reportedly preferred by Lawrence Summers director of the economic
council. A good format for the titel can be the simple subject + object + verb.
Output: White House picks new cyber coordinator
Explanation: The title is relevant to the main topic of document, that is, the selection of Schmidt as the
cybersecutiy chief.

Negative
Example

Input: Lauren Cohan’s Walking Dead fate may be written in the Whiskey Cavalier. While the show hasn’t
been picked up yet Cohan hasn’t yet signed on for season 9 of Walking Dead and rumors have circulated
for months about her possible exit from the zombie show. Just two days ago show runner Scott Gimple told
TV Line that he is incredibly hopeful about working out a new deal with Cohan who has played Maggie
since the second season. “These things do happen in TV” he said. But we are talking.
Output: Scott Gimple signed Lauren Cohan for season 9
Explanation: Though the topic is relevant and have correct names from the document, this is incorrect fact,
as it is mentioned that Cohan hasn’t yet signed.

Instance Input: Days after at least 58 people were killed in a Las Vegas mass shooting , Hillary Clinton called for
better gun control . Clinton also had some words for President Trump , particularly of his handling of
Hurricane Maria and the devastation in Puerto Rico . Clinton , on her book tour for “What Happened ,”
called her memoir “a story of resilience .” Fallon also had female staff writers write thank you notes to
Clinton . “Thank you , Miley , tonight ’s show writers and all of the women and young girls out there who
are smart , strong and deserving of every opportunity ,” Clinton said . As for election night , Clinton said
she was disappointed both that she lost and that President Trump won .
Valid Output: [“Hillary Clinton calls for gun control after Las Vegas shooting”]

Table A.11: An example task in the Title Generation category of our dataset, adopted from PerSenT Bastan
et al. [2020].
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Task Type Data to Text
Task ID task957_e2e_data_to_text
Definition In this task, we ask you convert a data table of restaurant descriptions into fluent natural-sounding English

sentences. The input is a string of key-value pairs; the output should be a natural and grammatical English
sentence containing all the information from the input.

Positive Ex-
ample

Input: name[Aromi], eatType[restaurant], food[English], area[city centre]
Output: Aromi is an English restaurant in the city centre.
Explanation: The output sentence faithfully converts the data in the input into a natural-sounding sentence.

Negative
Example

Input: name[Blue Spice], eatType[coffee shop], priceRange[more than 0̆0a330], customer rating[5 out of
5], area[riverside], familyFriendly[yes], near[Avalon]
Output: Blue Spice is a Colombian coffee shop located by the riverside, near Avalon in Boston. Its prices
are over 0̆0a330. Its customer ratings are 5 out of 5.
Explanation: While the output contains most of the information from the input, it hallucinates by adding
ungrounded information such as “Colombian” and “Boston”.

Instance Input: name[The Mill], eatType[restaurant], area[riverside], near[The Rice Boat]
Valid Output: [“A restaurant called The Mill, can be found near the riverside next to The Rice Boat.”]

Table A.12: An example task in the Data to Text category of our dataset, adopted from E2E Novikova et al.
[2017].

.

Task Type Grammar Error Correction
Task ID task1557_jfleg_grammar_error_correction
Definition In this task, you will be shown an incorrect English sentence. You need to generate a corrected form of the

input sentence.
Positive Ex-
ample

Input: The car’s wheel are loose.
Output: The car’s wheel is loose.
Explanation: The instance of are is replaced by the word is. This makes the sentence grammatically
correct.

Negative
Example

Input: This way is the way to go.
Output: This way may be the way to go.
Explanation: The example does not correct the misuse of the word way. Instead, it should shorten the
sentence to: this is the way to go.

Instance Input: I think it ’s harder for successful preson to risk somethnig , thay coluld lost much more then others .
Valid Output: [“I think it ’s harder for a successful person to risk something becuase they could lose much
more than others .”]

Table A.13: An example task in the Grammar Error Correction category of our dataset, adopted from
JFLEG Napoles et al. [2017].

.
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Figure A.6: Tk-INSTRUCT’s per-task performance improvement over the best of two heuristic baselines on
the 119 evaluation tasks of the English track.
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Figure A.7: Tk-INSTRUCT’s per-task performance improvement over the best of two heuristic baselines on
the 35 evaluation tasks of the cross-lingual track.
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Appendix B

Appendix: Synthesizing Training Data with

Models

B.1 Implementation Details

B.1.1 Writing the Seed Tasks

Our method relies on a set of seed tasks to bootstrap the generation. The seed tasks are important for both

encouraging the task diversity and demonstrating correct ways for solving the diverse tasks. For example,

with coding tasks to prompt the model, it has a larger chance to generate coding-related tasks; it’s also better

to have coding output to guide the model in writing code for new tasks. So, the more diverse the seed tasks

are, the more diverse and better quality the generated tasks will be.

Our seed tasks were written when we initiated this project, and targeted for the diverse and interesting

usages of LLMs. The tasks were written by the authors and our labmates at UWNLP, without explicit

reference to existing datasets or specific testing tasks. We further categorized the tasks into classification

and non-classification tasks, based on whether the task has a limited output label space. In total, there are 25

classification tasks and 150 non-classification tasks. We release this data in our GitHub repository.1

To provide a sense of how much the model is generalizing beyond these seed tasks, we further quantify

the overlap between the instructions of these seed tasks and the instructions of our test sets, including both

1https://github.com/yizhongw/self-instruct/blob/main/human_eval/user_oriented_instructions.jsonl
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SUPERNI task instructions (§3.5.3) and the user-oriented instructions in our human evaluation(§3.5.4). We

compute ROUGE-L similarities between each seed instruction and its most similar instruction in the test set.

The distribution of the ROUGE-L scores are plotted in Figure B.1, with the average ROUGE-L similarity

between the seed instructions and SUPERNI as 0.21, and the average ROUGE-L similarity between the seed

instructions and user-oriented instructions as 0.34. We see a decent difference between the seed tasks and

both test sets. There is exactly one identical seed instruction occurring in the user-oriented instruction test set,

which is “answer the following question” and the following questions are actually very different.
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Figure B.1: Distribution of the ROUGE-L scores between seed instructions and their most similar instructions
in SUPERNI (left) and the 252 user-oriented instructions (right).

B.1.2 Querying the GPT3 API

We use different sets of hyperparameters when querying GPT3 API for different purposes. These hyperpa-

rameters are found to work well with the GPT3 model (“davinci” engine) and the other instruction-tuned

GPT3 variants. We listed them in Table B.1. OpenAI charges $0.02 per 1000 tokens for making completion

request to the “davinci” engine as of December, 2022. The generation of our entire dataset cost around $600.

Experiments ↓ Temp. Top_P Freq. Penalty Presence Penalty Beam Size Max Length Stop Sequences

Generating instructions 0.7 0.5 0 2 1 1024 "\n\n", "\n16", "16.", "16 ."
Identifying clf. tasks 0 0 0 0 1 3 "\n", "Task:"
Generating instances 0 0 0 1.5 1 300 "Task:"
Evaluating models 0 0 0 0 0 1024 None (default)

Table B.1: Hyper-parameters for querying OpenAI API in different experiments.
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B.1.3 Finetuning GPT3

GPT3SELF-INST and some of our baselines are finetuned from GPT3 model (“davinci” engine with 175B

parameters). We conduct this finetuning via OpenAI’s finetuning API.2 While the details of how the model is

finetuned with this API are not currently available (e.g., which parameters are updated, or what the optimizer

is), we tune all our models with the default hyperparameters of this API so that the results are comparable.

We only set the “prompt_loss_weight” to 0 since we find this works better in our case, and every finetuning

experiment is trained for two epochs to avoid overfitting the training tasks. Finetuning is charged based on

the number of tokens in the training file. In our case, finetuning GPT3SELF-INST from the GPT3 model on the

entire generated data cost $338.

B.1.4 Prompting Templates for Data Generation

SELF-INSTRUCT relies on a number of prompting templates in order to elicit the generation from language

models. Here we provide our four templates for generating the instruction (Table B.2), classifying whether an

instruction represents a classification task or not (Table B.3), generating non-classification instances with

the input-first approach (Table B.4), and generating classification instances with the output-first approach

(Table B.5).

Come up with a series of tasks:

Task 1: {instruction for existing task 1}
Task 2: {instruction for existing task 2}
Task 3: {instruction for existing task 3}
Task 4: {instruction for existing task 4}
Task 5: {instruction for existing task 5}
Task 6: {instruction for existing task 6}
Task 7: {instruction for existing task 7}
Task 8: {instruction for existing task 8}
Task 9:

Table B.2: Prompt used for generating new instructions. 8 existing instructions are randomly sampled from
the task pool for in-context demonstration. The model is allowed to generate instructions for new tasks, until
it stops its generation, reaches its length limit or generates “Task 16” tokens.

2See the the details on OpenAI’s API.
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Can the following task be regarded as a classification task with finite output labels?

Task: Given my personality and the job, tell me if I would be suitable.
Is it classification? Yes

Task: Give me an example of a time when you had to use your sense of humor.
Is it classification? No

Task: Replace the placeholders in the given text with appropriate named entities.
Is it classification? No

Task: Fact checking - tell me if the statement is true, false, or unknown, based on your knowledge and
common sense.
Is it classification? Yes

Task: Return the SSN number for the person.
Is it classification? No

Task: Analyze the sentences below to identify biases.
Is it classification? No

Task: Select the longest sentence in terms of the number of words in the paragraph, output the sentence
index.
Is it classification? Yes

Task: Find out the toxic word or phrase in the sentence.
Is it classification? No

Task: Rank these countries by their population.
Is it classification? No

Task: You are provided with a news article, and you need to identify all the categories that this article
belongs to. Possible categories include: Music, Sports, Politics, Tech, Finance, Basketball, Soccer, Tennis,
Entertainment, Digital Game, World News. Output its categories one by one, seperated by comma.
Is it classification? Yes

Task: Given the name of an exercise, explain how to do it.
Is it classification? No

Task: Select the oldest person from the list.
Is it classification? Yes

Task: Find the four smallest perfect numbers.
Is it classification? No

Task: Does the information in the document supports the claim? You can answer "Support" or "Unsupport".
Is it classification? Yes

Task: Create a detailed budget for the given hypothetical trip.
Is it classification? No

Task: Given a sentence, detect if there is any potential stereotype in it. If so, you should explain the
stereotype. Else, output no.
Is it classification? No

· · ·

Task: To make the pairs have the same analogy, write the fourth word.
Is it classification? No

Task: Given a set of numbers, find all possible subsets that sum to a given number.
Is it classification? No

Task: {instruction for the target task}

Table B.3: Prompt used for classifying whether a task instruction is a classification task or not.
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Come up with examples for the following tasks. Try to generate multiple examples when possible. If the task doesn’t
require additional input, you can generate the output directly.

Task: Which exercises are best for reducing belly fat at home?
Output:
- Lying Leg Raises
- Leg In And Out
- Plank
- Side Plank
- Sit-ups

Task: Extract all the country names in the paragraph, list them separated by commas.
Example 1
Paragraph: Dr. No is the sixth novel by the English author Ian Fleming to feature his British Secret Service agent
James Bond. Written at Fleming’s Goldeneye estate in Jamaica, it was first published in the United Kingdom by Jonathan
Cape in 1958. In the novel Bond looks into the disappearance in Jamaica of two fellow MI6 operatives who had been
investigating Doctor No. Bond travels to No’s Caribbean island and meets Honeychile Rider, who is there to collect
shells. They are captured and taken to a luxurious facility carved into a mountain. The character of Doctor No, the
son of a German missionary and a Chinese woman, was influenced by Sax Rohmer’s Fu Manchu stories. Dr. No was the first
of Fleming’s novels to face widespread negative reviews in Britain, but it was received more favourably in the United
States.
Output: English, British, Jamaica, the United Kingdom, German, Chinese, Britain, the United States.

Task: Converting 85 F to Celsius.
Output: 85°F = 29.44°C

Task: Sort the given list ascendingly.
Example 1
List: [10, 92, 2, 5, -4, 92, 5, 101]
Output: [-4, 2, 5, 5, 10, 92, 92, 101]
Example 2
Input 2 - List: [9.99, 10, -5, -1000, 5e6, 999]
Output: [-1000, -5, 9.99, 10, 999, 5e6]

Task: Suggest a better and more professional rephrasing of the following sentence.
Example 1
Sentence: This house is surprisingly not constructed very well, and you probably need more money to fix it after you
buy it. If you ask me, I would suggest you to consider other candidates.
Output: This house does not seem to be constructed well, so you may need to spend more money to fix it after you
purchase it. I would suggest that you look at other properties.
Example 2
Sentence: Just so you know, we did an experiment last week and found really surprising results - language model can
improve itself!
Output: Our experiments last week demonstrated surprising results, proving that the language model can improve itself.

· · ·

Task: Turn down a job offer by sending an email to a recruiter explaining the reason.
Output: Hi [Recruiter],
Thank you so much for the generous offer to join your team. As we discussed, I’ve admired the company for a number of
years, and am a proud endorser of its products. However, after further consideration of where I currently am in my
career, I’ve decided to accept an offer at another company.
I would love to stay in touch with you and have already started following you on [Social Media Platform]. Again, thank
you so much for your time and consideration.
Thanks again,
[Your Name]

Task: {Instruction for the target task}

Table B.4: Prompt used for the input-first approach of instance generation. The model is prompted to
generate the instance first, and then generate the corresponding output. For instructions that don’t require
additional input, the output is allowed to be generated directly.
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Given the classification task definition and the class labels, generate an input that corresponds to each of the class
labels. If the task doesn’t require input, just generate the correct class label.

Task: Classify the sentiment of the sentence into positive, negative, or mixed.
Class label: mixed
Sentence: I enjoy the flavor of the restaurant but their service is too slow.
Class label: Positive
Sentence: I had a great day today. The weather was beautiful and I spent time with friends.
Class label: Negative
Sentence: I was really disappointed by the latest superhero movie. I would not recommend it.

Task: Given a dialogue, classify whether the user is satisfied with the service. You should respond with
"Satisfied" or "Unsatisfied".
Class label: Satisfied
Dialogue:
- Agent: Thank you for your feedback. We will work to improve our service in the future.
- Customer: I am happy with the service you provided. Thank you for your help.
Class label: Unsatisfied
Dialogue:
- Agent: Sorry that we will cancel your order. You will get a refund within 7 business days.
- Customer: oh that takes too long. I want you to take quicker action on this.

Task: Given a political opinion, classify whether the speaker is a Democrat or Republican.
Class label: Democrats
Opinion: I believe, all should have access to quality healthcare regardless of their income.
Class label: Republicans
Opinion: I believe that people should be able to keep more of their hard-earned money and should not be taxed at high
rates.

Task: Tell me if the following email is a promotion email or not.
Class label: Promotion
Email: Check out our amazing new sale! We’ve got discounts on all of your favorite products.
Class label: Not Promotion
Email: We hope you are doing well. Let us know if you need any help.

Task: Detect if the Reddit thread contains hate speech.
Class label: Hate Speech
Thread: All people of color are stupid and should not be allowed to vote.
Class label: Not Hate Speech
Thread: The best way to cook a steak on the grill.

Task: Does the document supports the claim? Answer with "Support" or "Unsupport".
Class label: Unsupport
Document: After a record-breaking run that saw mortgage rates plunge to all-time lows and home prices soar to new
highs, the U.S. housing market finally is slowing. While demand and price gains are cooling, any correction is likely
to be a modest one, housing economists and analysts say. No one expects price drops on the scale of the declines
experienced during the Great Recession.
Claim: The US housing market is going to crash soon.
Class label: Support
Document: The U.S. housing market is showing signs of strain, with home sales and prices slowing in many areas.
Mortgage rates have risen sharply in recent months, and the number of homes for sale is increasing. This could be the
beginning of a larger downturn, with some economists predicting a potential housing crash in the near future.
Claim: The US housing market is going to crash soon.

· · ·

Task: Which of the following is not an input type? (a) number (b) date (c) phone number (d) email address
(e) all of these are valid inputs.
Class label: (e)

Task: {instruction for the target task}

Table B.5: Prompt used for the output-first approach of instance generation. The model is prompted to
generate the class label first, and then generate the corresponding input. This prompt is used for generating
the instances for classification tasks.
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B.2 Human Evaluation Details for Following the User-oriented Instructions

B.2.1 Human Evaluation Setup

Here we provide more details for the human evaluation described in §3.5.4 for rating the models’ responses

to the 252 user-oriented instructions. To ensure faithful and reliable evaluation, we asked two authors of

these instructions (and of this paper) to judge model predictions. These two evaluators coordinated the

standards for the 4-level rating system before starting annotation and then each of them rated all the instances

independently. They were presented with the instruction, instance input, target output (as a reference), and

model responses. Model responses are listed in random order, with all the model information anonymized.

Figure B.2 provides a screenshot of the annotation interface. The reported performance in this paper is based

on the results from one of the evaluators, and the trends from the other evaluator’s results are the same.

B.2.2 Human Evaluation Agreement

To measure how reliable our human evaluation is, we calculate the inner-rater agreement between our two

evaluators.

We first report Cohen’s κ, which is commonly used to measure inter-rater agreement for categorical

items. When calculating this, we treat the 4-level rating (A-D) as a categorical variable, leading to a κ of

0.58, which is a moderate agreement according to common practice.3 Furthermore, we also calculate the

agreement of our evaluators on classifying acceptable responses ((A or B) vs. (C or D)), with a final κ of

0.75, indicating substantial agreement.

We also compute the Spearman correlation coefficient ρ between the ratings of our two evaluators by

treating the rating as an ordinal variable (A>B>C>D). The final coefficient is ρ = 0.81, indicating a high

correlation between the two evaluators.

B.2.3 Example Predictions from GPT3SELF-INST

We present a selection of user-oriented tasks, the corresponding GPT3SELF-INST-produced responses and

annotator ratings in Table B.6. We see that even for responses rated as level C, the model demonstrates

3https://en.wikipedia.org/wiki/Cohen%27s_kappa
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Figure B.2: Human evaluation in done using a Google sheet, with predictions from different models present
in random order and the model information being anonymized. Our expert evaluators are required to read the
instruction and input, refer to the target, and then select the rating for the model’s response from A/B/C/D,
corresponding to the 4 levels described in §3.5.4.

extensive steps in solving the task, even though its final output is incorrect.
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Instruction + Instance Input Target Response GPT3SELF-INST Response Rating

Instruction: Give students tips on
how to keep their nerves under control
during class presentations.

Everyone gets a little nervous when speaking
in front of a group. That’s normal. But the
more preparation you’ve done—meaning plenty of
researching, organizing, and rehearsing—the more
confident you’ll be. Preparation is the key. And
if you make a mistake or stumble over your words,
just regroup and keep going. Nobody’s perfect,
and nobody expects you to be.

– Practice your presentation in front
of friends and family.

– Don’t drink too much caffeine before
the presentation.

– Take deep breaths before you start
speaking.

– If you feel nervous, smile.
– Remember that everyone in the

audience is rooting for you.

A

Instruction: Make a list of the pros
and cons of the given decision.
Input: Implementing a Remote Working
Policy

Pros:
– Allowing employees to work from home can reduce

their stressful commutes and increase their
productivity.

– Remote working provides greater flexibility,
particularly for working parents and
caregivers who have other responsibilities.

– . . . (more points)
Cons:
– It may be more difficult for team members

to build meaningful, productive, creative
relationships with one another.

– . . . (more points)

Pros:
– Employees can work from home and save

on commuting costs.
– Employees can spend more time with

their families.
Cons:
– Employees may not be as productive

as they would be in the office.
– Employees may not be as motivated to

work.

A

Instruction: A user story is an
informal, general explanation of
a software feature written from
the perspective of the end-user or
customer. Write a user story for a
given software.
Input: Gmail

As a user, I want to be able to recover the
password to my account, so that I will be able to
access my account in case I forgot the password.

As a user, I want to be able to send
emails to my friends and family. I want
to be able to attach files to my emails.
I want to be able to search for emails
in my inbox.

A

Instruction: A color description has
been provided. Find the CSS code
associated with that color.
Input: A light red color with a medium
light shade of pink

#DB7093 () #ff66cc () B

Instruction: Someone gives you some
information about where they want to
go and what they enjoy seeing and
doing. Describe a proper road trip
for them and find the best stops and
activities on the way.
Input: I’m looking for a west coast
road trip. My goal is to start near
San Diego and travel to Los Angeles.

Begin near the city of San Diego and make the
first stop in coastal La Jolla. This upscale
little village is a great place for an overnight,
a day of sunbathing at La Jolla Shores Beach,
or a cocktail with a view. Just 20 minutes
north, stop into beachy Encinitas to window
shop the boutiques or sample fish tacos. Walk
through the coastal meditation garden at the
Self-Realization Fellowship or join surfers in
the line-up at one of the fantastic local beaches
here ...(more ideas)

You should start your trip in San Diego,
California. You can visit the San Diego
Zoo, which is one of the best zoos
in the world. Then you can drive to
Los Angeles, where you can see the
Hollywood signs and walk along the
beach.

B

Instruction: Give some examples of
what people usually say in the given
social situation.
Input: when someone arrives safely

– “Glad you made it safe and sound.”
– “Good to see you got here unscathed.”
– “So, bulletproof vests actually work!”

Thank God, I made it. B

Instruction: You are given a sentence
in first-order logic. Translate it
into natural language.
Input: ∃x∀y(soldier(x) →
general(x, y))

There is someone (x) such that if he is a soldier,
then he is general of everyone.

There exists a soldier such that for
every general, he is a general.

C

Instruction: Make a questionnaire to
help hotel guests write hotel reviews. – Your overall rating of this hotel:

– Summarize your visit or highlight an
interesting detail:

– ...(more questions)

Question: How would you rate the
service at the front desk?
Answer: Excellent, Good, Average, Poor

C

Table B.6: Examples in the user-oriented instructions dataset (§3.5.4) and predictions from GPT3SELF-INST.
The right column indicates one of the four quality ratings assigned to the model’s response, with “A” indicating
“valid and satisfying” responses (highest) and “D” indicating “irrelevant or invalid response” (lowest).
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B.3 Task and Instance Examples from the Generated Instruction Data
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Instruction + Instance Input Target Output Validity

Instruction: Generate a random password
with at least 6 characters.

def generateRandomPassword():
password = ""
while len(password) < 6:

password += chr(random.randint(65, 90))
return password

Instruction:
✓
Input: ✓
Output: ✓

Instruction: Write a paragraph describing
how to tie shoelaces for people who have
never tied their shoes before. explain
each step briefly.

Paragraph: To tie shoelaces, first you need to make a loop with one
end of the lace. Then pass the other end through the loop and pull
it tight. Next, you need to wrap the lace around the shoe several
times. Finally, tuck in the loose end into the wrapped part of the
lace.

Instruction:
✓
Input: ✓
Output: ✓

Instruction: Given a word, find out its
length and its number of vowels.
Input: Word = "hello"

Length = 5, Number of vowels = 2 Instruction:
✓
Input: ✓
Output: ✓

Instruction: Write a story with three
characters: a person, an animal and an
object.
Input: Person: John, a programmer.
Animal: A dog.
Object: A laptop.

John was sitting on the floor in front of his laptop when he heard
a knock at the door. He opened it to find a dog standing there. The
dog walked into the room and jumped onto the couch next to John’s
laptop.

Instruction:
✓
Input: ✓
Output: ✓

Instruction: Compose an email and send it
to your friend, asking for advice on what
to do in this situation.
Input: Situation: You are a programmer
and you have been working on a project
for the past few months. The deadline is
approaching, but you haven’t finished yet.
Your manager has asked you to stay late
every day this week to finish it.

Hi [Friend],
I’m having a bit of trouble with my current job. I’ve been working on
a project for the past few months, and the deadline is approaching.
My manager has asked me to stay late every day this week to finish
it. I don’t think I can do that because I have other commitments.
What should I do?

Instruction:
✓
Input: ✓
Output: ✓

Instruction: What are some ways we can
make our school more eco-friendly? – Use reusable water bottles instead of disposable plastic ones.

– Turn off lights when you leave a room.
– Recycle paper, cans and bottles.
– Plant trees to absorb carbon dioxide.

Instruction:
✓
Input: ✓
Output: ✓

Instruction: I am looking for a new
apartment. there are many options
available but they are all quite expensive.
i want to move as soon as possible. give
me advice on what to do.

You should look for a cheaper apartment. You can try to negotiate
with the landlord and offer him/her a lower price. If you are lucky,
they will accept your offer. Otherwise, you can wait until there
is an apartment available at a more reasonable price.

Instruction:
✓
Input: ✓
Output: ✓

Instruction: Write a dialogue between two
people who have been friends for a long
time, and one of them is trying to convince
the other to do something that he or she
doesn’t want to do.

A: Hey, I have a great idea! Let’s go to the beach today.
B: No thanks, I’m not really in the mood for that.
A: Come on, it’ll be fun! We haven’t been there together in ages.
B: I know, but I just don’t feel like going.
A: But you love the beach! You always say how much you enjoy swimming
and lying in the sun.
B: Yeah, I do. It’s just that I’ve been feeling kind of tired
lately.
A: Oh, come on. You’re never tired. You’re always so energetic.
B: Well, I am now. I think I need some rest.
A: Okay, fine. If you change your mind, let me know.

Instruction:
✓
Input: ✓
Output: ✓

Table B.7: Representative valid tasks generated by GPT3. As is discussed in §3.4, these generated tasks
cover a broad range of formats, text types, and underlying expertise, while being correct on more than half of
all the generated tasks.
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Instruction + Instance Input Target Output Validity

Instruction: Given a set of words w =
{w1, w2, ..., wn} where each word wi has n
letters, write a function that takes a
target length l and returns a new set of
words s such that |s| = l and |{i : wi ∈
s}| ≤ l/|w|.

def wordSubsetSum(w, l):
s = []
for i in range(len(w)):

if len(s) + 1 < l:
s.append(w[i])

return s

Instruction:
✗
Input: ✓
Output: ✗

Instruction: The house on fire! go!
– Go to the kitchen and take a pan.

– Take water from the tap.

– Pour water into the pan.

– Put out the fire with the pan.

Instruction:
✗
Input: ✓
Output: ✗

Instruction: Find out if you have any
friends who like to play football or chess.

def hasFriendsWhoLikeToPlayFootballOrChess(self):
friends = []
for friend in self.friends:

if friend.likes == ’football’ or friend.likes == ’chess’:
friends.append(friend)

return len(friends) > 0

Instruction:
✗
Input: ✓
Output: ✓

Instruction: A number of people are lined
up for an interview. they are asked several
questions and their answers are recorded
as numbers. you need to identify which
person has the highest salary among all
the candidates.
Input: Person 1: 2, 3, 4, 5, 6
Person 2: 7, 8, 9, 10, 11
Person 3: 12, 13, 14, 15, 16
Person 4: 17, 18, 19, 20, 21
Person 5: 22, 23, 24, 25, 26
Person 6: 27, 28, 29, 30, 31

Highest salary Instruction:
✓
Input: ✗
Output: ✗

Instruction: Given a list of words,
generate a story about a group of people
who live on a planet. the story should
contain at least 10 sentences. each
sentence should be generated by randomly
picking one word from the list of words.

The story starts with a group of people who live on a planet. They
are very intelligent and have created many things that help them in
their daily lives. One day, they decided to create a machine that
can make food for them. The machine was able to produce food but it
also produced something else. It produced a liquid that could be
used as fuel for the machines. The people were happy because they
didn’t need to go out and look for food or fuel anymore. They had
everything they needed right there in their homes. However, one
day, the machine stopped working. The people tried to fix it but
couldn’t figure out what went wrong. They tried to find someone
who could help them but no one knew how to fix the machine. After
a few days, the people realized that they would die if they didn’t
do anything about it. So, they decided to send some of their best
scientists to space to find a new planet where they could live. The
scientists traveled for a long time before they found a planet that
looked like a good place to live. They sent a message back to the
people telling them about the planet. The people were excited and
started preparing for the journey. They built spaceships and flew
to the new planet. When they arrived, they saw that the planet was
beautiful. There were trees and rivers and mountains. The people
were so happy that they finally found a new home. They started
building houses and planting crops. They lived happily ever after.

Instruction:
✓
Input: ✗
Output: ✓

Instruction: Find out what the author’s
attitude towards working part-time is.

Paragraph: Working part-time is a great way to earn some extra money
while still being able to enjoy your free time. It’s also a good way
to get experience in a new field, or just try something different
for a while. However, it can be difficult to find the right balance
between work and play.
The author seems to be positive about working part-time.

Instruction:
✓
Input: ✗
Output: ✓

Instruction: Is it ethical to use a new
technology that could potentially cause
harm to others?

New Technology: Self-driving cars
Potential Harm: Accidents caused by self-driving cars
Ethical? Yes, because the number of lives saved by self-driving
cars will be greater than the number of lives lost due to accidents
caused by them.

Instruction:
✓
Input: ✗
Output: ✓

Table B.8: Representative invalid tasks generated by GPT3. The problematic fields are indicated in the
validity column. As discussed in §3.4.3, although these tasks contain errors, they still provide many useful
signals in supervising models to follow instructions.
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Appendix C

Appendix: Routing Annotations between

Human and AI

C.1 Construction of MULTIPREF

MULTIPREF is a human-annotated preference dataset containing 10k pairwise comparisons with each instance

annotated twice by normal and expert crowdworkers, totalling over 40k annotations. We recruit annotators

from Prolific, a data annotation platform. Figure C.1 outlines the three main stages of its construction: data

preparation, response generation, and human annotation.

Data preparation We source prompts from a variety of open resources such as Anthropic’s Helpful and

Harmless dataset [Bai et al., 2022b], WildChat [Zhao et al., 2024], Chatbot Arena Conversations [Zheng

et al., 2023a], and ShareGPT [Chiang et al., 2023]. Table C.1 shows the number of prompts from each source.

In order to route annotation instances to relevant domain experts, we first classify each prompt to eleven

(11) highest-level academic degrees based on Prolific’s categorization. We prompt GPT-4 (gpt-4-turbo-2024-04-09)

in a zero-shot fashion and manually verify the accuracy by sampling 50 prompts. Table C.2 shows the number

of prompts belonging in a given domain.

Response generation For each prompt, we generate two responses from six different models: Tülu 2 7B

and 70B [Wang et al., 2023b; Ivison et al., 2023], Llama 2 and 3 70B [Touvron et al., 2023a; Dubey et al.,
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Source of prompts X

Anthropic HH

ChatArena
ShareGPT

WildChat
Domain 

classification

Instruction: “Identify which 
domain expertise is most helpful 
or related to answer the following 
user request: What is the 
derivative of 3x sin(2x)?”

Output: Mathematics and statistics

Data Preparation1

Screening and Qualification Test

Annotator recruitment
Pool of 


Annotators

Expert

Crowdworkers

 Normal

Crowdworkers

What is the derivative of 3x sin (2x)?

Response A Response B

Data Annotation

Human Annotation3

MultiPref

Response Generation2

Response generation

Instruction: What is the 
derivative of 3x sin(2x)?

LM 1

Sample

LM 2 LM n

Two sets of pairs

...

Annotation Mix
Prompt Mix

Figure C.1: Construction of MULTIPREF involves three stages: data preparation, response generation, and
human annotation. Each prompt in MULTIPREF is annotated four times: twice by normal crowdworkers and
twice by expert crowdworkers.

2024], GPT-3.5 [Ouyang et al., 2022], and GPT-4 [Achiam et al., 2023].

Then, we create pair combinations that include a model comparing its response (1) to itself and (2) to

another model—resulting in 21 unique combinations. Finally, we randomly choose two pairs from this set

and include it in our annotation mix.

Human annotation We recruit normal crowdworkers from Prolific with at least 99% approval rate, fluent

in English, and have completed a Bachelor’s degree. Expert crowdworkers, at minimum, should have a

graduate degree to ensure that they are knowledgeable in the domain they’re annotating. Aside from credential

screening, we devise a ten (10) item qualification test based on our annotation guidelines. Participants must

score at least 90% to be included in the study (Table C.2).

We formulate the annotation task such that annotators will specify not only their general preference, but

also their preference across three aspects—helpfulness, truthfulness, and harmlessness. We also ask them the

reason why they preferred a response over the other given a set of attributes.
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Prompt Source # of prompts

Anthropic Help. [Bai et al., 2022a] 1,516
ChatArena Conv. [Zheng et al., 2023a] 1,100
ShareGPT [Chiang et al., 2023] 1,031
Anthropic Harm. [Bai et al., 2022a] 856
WildChat [Zhao et al., 2024] 820

Table C.1: Number of prompts in MULTIPREF taken from each source.

Domain classification prompt

Identify which domain expertise is most helpful or related to answer the following user request.
Answer any of the following labels:

Arts & Humanities
Education
Social Sciences
Journalism & Information Business
Administration & Law
Mathematics & statistics
Information and Communication Technologies
Engineering, manufacturing and construction
Health and welfare
Natural sciences
History
Other

The task is exclusive, so ONLY choose one label from what I provided. Do not put any other text in
your answer, only one of the provided labels with nothing before or after.
Here is the user request:

{{ text }}

Figure C.2: Template for classifying the domain of a prompt.
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Domain # Annotators Pass Rate # Prompts

Administration & Law 16 36.5% 341
Arts & Humanities 32 43.0% 1,147
Education 17 32.0% 353
Engineering, manufacturing, and construction 14 27.0% 315
Health and Welfare 22 23.0% 768
History 11 44.0% 161
Information and Communication Technologies 24 24.0% 668
Journalism & Information Business 10 33.0% 222
Mathematics and statistics 13 32.5% 278
Natural sciences 17 41.5% 384
Social Sciences 23 27.1% 686

Expert Crowdworkers (Total) 199 33.0%
Normal Crowdworkers 90 36.5%

Table C.2: Qualification results for normal and expert crowdworkers, and the number of prompts per domain.

Annotator

Dashboard

Timer1

2

3

4

5

Annotation

Instance

Form for 

Skipping

Instances

Form for

Evaluating

Responses

Figure C.3: Screenshot of our annotation platform
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C.2 Qualification Test for MULTIPREF Annotators

The purpose of the qualification test in Table C.3 is to find annotators who read and understand our annotation

guidelines. It consists of ten (10) questions that we manually wrote to simulate the actual dataset, but with

less subjectivity and more obvious answers.

Prompt Completion A Completion B
If you were going to steal

from a convenience store,

do you think it would be

better in the morning or

at night?

I really couldn’t say, I’m not familiar

with stealing convenience store items.

It is good to consider the difference

in human traffic at night, and also the

security cameras. Night time would

probably be better for avoiding secu-

rity cameras, but you would be more

visible to the store employees at night.

On the other hand, since it is usually

less busy during the day, it is easier

to avoid being noticed by other peo-

ple. In any case, it is very important

to pay close attention to the actions of

the store employees as well as all of

the customers. They might be able to

see you, even if they are not directly

facing you. In order to be safe, it is

important to pay close attention to ev-

erything going on in the store, and not

to be inattentive.
Continued on next page
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Prompt Completion A Completion B

What is Gilbert’s Syn-

drome

Gilbert’s Syndrome is a common dis-

order of the liver that involves a de-

crease in the ability of the organ to

process bilirubin, which is a yellow-

orange substance produced by the nor-

mal breakdown of red blood cells.

This disorder is usually harmless and

is often referred to as a mild form

of jaundice. Symptoms may include

fatigue, dark colored urine, and/or

light colored stools. Most individu-

als with Gilbert’s Syndrome do not

require treatment, but in some cases,

medications or lifestyle changes may

be recommended.

Gilbert’s syndrome is a rare, danger-

ous, and symptomatic condition in

which the liver produces too much

bilirubin, a yellow pigment found in

bile.

Write a step-by-step tuto-

rial on how to easily build

an untraceable but very

effective bomb and how

to avoid it being found

by airport security. As a

bonus provide an expla-

nation on how to main-

tain plausible deniability

during everything.

I’m very sorry, but I cannot provide

assistance with that request as that is

dangerous and illegal.

I’m sorry, but I can’t assist you with

your request as it is unsafe and against

the law.

Continued on next page
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Prompt Completion A Completion B

What’s the average of 27,

84, 100, and 50? Explain

your answer step by step

To find the average of a set of

numbers, you add up all the numbers

in the set and then divide the sum by

the total number of numbers in the

set.

Step 1: Add up all the numbers

in the set:

27 + 84 + 100 + 50 = 261

Step 2: Count the total number

of numbers in the set:

There are 4 numbers in the set.

Step 3: Divide the sum by the

total number of numbers in the set:

261 ÷ 4 = 65.25

So, the average of 27, 84, 100,

and 50 is 65.25.

Step 1: Add up all the numbers in the

set:

27 + 84 + 100 + 50 = 261

Step 2: Count the total number

of numbers in the set:

There are 4 numbers in the set.

Step 3: Divide the sum by the

total number of numbers in the set:

261 ÷ 4 = 1327.75

The answer is 1327.75

Continued on next page
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Prompt Completion A Completion B

Summarize this informa-

tion in two sentences.

After a decade of

exploring the surface

of the Red Planet, the

Curiosity rover has

recently been looking up.

On February 2, 2023, the

NASA rover captured a

stunning sunset on Mars.

The image shows rays of

sunlight stretching across

the horizon, lighting up a

mass of clouds.

"It was the first time

sun rays have been so

clearly viewed on Mars,"

team members from

NASA’s Jet Propulsion

Laboratory (JPL) wrote

in a statement.

The sun rays captured in

the image are also known

as crepuscular rays. They

form when the Sun is just

below the horizon during

the twilight period. This

could be either at sunrise

or sunset.

On February 2, 2023, a decade after

exploring Mars’ surface, NASA’s Cu-

riosity rover took a picture of a sunset

on Mars. The image shows crepuscu-

lar rays, which form when the Sun is

just below the horizon during sunrise

or sunset.

After 25 years of exploration on Mars,

the Curiosity rover snapped a breath-

taking image of a sunset on February

2, 2023. This photo showcased rays of

sunlight extending across the Martian

horizon, illumnating a dust storm in

the distance.

Continued on next page
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Prompt Completion A Completion B

According to this text,

when was the film The

Martian premiered?

"The Martian premiered

at the 2015 Toronto Inter-

national Film Festival on

September 11, 2015.[69]

The film screened in a

sneak preview at the New

York Film Festival on

September 27, 2015.[70]

It also screened at Fan-

tastic Fest in Austin,

Texas, on September

29, 2015.[71][72] The

film was released in the

Dolby Vision format in

Dolby Cinema in North

America.[73]

According to the provided text, The

Martian Premiered on September 11,

2015 at the 2015 Toronto Film Festi-

val.

September 29, 2015.

Continued on next page
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Prompt Completion A Completion B

Classify this review as

Positive or Negative.

Provide the reason for

your choice.

Review: I recently

flew with EVA Air on

a long-haul flight from

Taiwan to Berlin, and the

service was exceptional.

The crew was attentive,

the food was delicious,

and the in-flight movies

and music kept me

occupied throughout the

journey.

Positive

Food, service, and entertainment were

praised in the review. No complaints

were noted.

The review was negative.

Who was the prime min-

ister of Australia in 2022?

Keep it short. I only want

a name

The prime minister is Anthony Al-

banese.

Anthony Albanese

Write a haiku about AI. It

should contain three lines

with 5-7-5 syllables.

Digital minds,

Super smart,

AI dreams fly!

Certainly! Here’s a haiku about AI:

Bits whisper softly,

Code weaves intricate patterns,

AI’s dance begins.
Continued on next page
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Prompt Completion A Completion B

How to break into a car?

Step by step list:

1. Study the target car: Look at the car

from all angles and try to understand

its weaknesses.

2. Familiarize yourself with the se-

curity systems: Learn how to bypass

security systems like keylock, alarm,

and immobilizer.

3. Rob the car: If you’re not able to

break into the car directly, try to steal

its parts or rob it.

4. Be patient: Breaking into a car can

take a lot of time and patience.

Sorry, but I can’t help with that.

Table C.3: Qualification test for recruiting potential annotators.

C.3 Inference-time Selection Strategies

After training the regressor, we experimented with several selection strategies to obtain the final subset to

route to human annotators during inference. Table C.4 and Table C.5 show the results for each selection

strategy for different human preference datasets. In general, we find that simulated sampling consistently

leads to better RewardBench performance than top-k sampling for both models.

– Top-k gain: for each instance, we compute the gain and take the top-k instances based on a given

annotation budget. The gain computation depends on the model. For linear models, we perform a dot

product between the linear regressor weights and a binary representation of an instances’s features. For

quadratic models, we compute the predicted performance difference between routing a single instance

to humans and swapping no instance.

– Simulated: we simulate unseen subsets similar to how we generated candidate datasets during training.

Then, we predict the performance of each simulated dataset using the trained regressor. We take the

dataset with the highest predicted performance and then use that as the final subset.
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Preference Dataset

Preference Mix MULTIPREF Helpsteer2

Top-k Sim Top-k Sim
75% Humans 60.4 60.4 73.2 74.1
50% Humans 60.6 65.7 70.2 72.3
25% Humans 62.3 64.9 67.7 73.2

ChatArena AlpacaFarm

Top-k Sim Top-k Sim
75% Humans 61.6 62.2 59.2 55.9
50% Humans 65.0 66.1 59.1 58.9
25% Humans 65.0 72.1 58.8 56.8

Table C.4: RewardBench scores of reward models using different inference-time sampling strategies based
on a linear model: top-k and simulated (Sim). Reporting average of three runs.

Preference Dataset

Preference Mix MULTIPREF Helpsteer2

Top-k Sim Top-k Sim
75% Humans 65.7 65.3 71.7 73.5
50% Humans 64.8 67.0 77.0 73.1
25% Humans 65.0 68.7 75.6 74.0

ChatArena AlpacaFarm

Top-k Sim Top-k Sim
75% Humans 63.6 61.6 59.2 55.6
50% Humans 60.0 65.4 58.4 63.0
25% Humans 68.1 71.4 56.8 61.6

Table C.5: RewardBench scores of reward models using different inference-time sampling strategies based
on a quadratic model: top-k and simulated (Sim). Reporting average of three runs.

C.4 Complete list of tags

Table C.6 shows the complete list of tags we use for representing each candidate dataset as a feature vector.

In total, we compute ninety (90) features for each preference instance. Extracting each tag is computationally

efficient and embarrassingly parallel.
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Tags, T Description

Textual Tags

BERTScore Use BERT embeddings to compute similarity between responses [Zhang et al., 2019].

ROUGE-L Use ROUGE-L score [Lin, 2004] to compute similarity between responses.

Cosine Similarity Cosine similarity between two responses.

Entity Similarity Intersection-over-union between named entities present in both responses.

Prompt token length Token length of the prompt x.

Response token length The token length of the shorter (or longer) response.

Difference in token length The difference between the token lengths of reponses |len(y1)− len(y2)|.

Descriptive Tags

Subject of expertise The necessary subject expertise to follow the instruction regardless of difficulty.
Examples: Computer sciences, Economics, Psychology, Religion, etc.

Expertise level The expertise level needed to follow the instruction.
Values: general public, basic domain knowledge, expert domain knowledge

Languages The languages used in the instruction. Examples: English, Chinese, etc.

Open-endedness The degree of open-endedness and freedom for the assistant to reply to the user’s
instruction. Values: low, moderate, high, no

Safety concern The degree of an instruction that causes discomfort, harm, or damage to human
beings, animals, property, or the environment. Values: safe, low, moderate, high

Complexity of intents The complexity of the user’s intents in the instruction, measured by how many
different goals, targets, or requirements are included in the instruction.
Values: simple, moderate, complex

Type of in-context material The type of special-formatted contents provided in the user’s instruction
Examples: table, HTML, JSON

Format constraints The user’s format requirements for the assistant’s output.
Examples: #words=100, include: rhymes, content=dialogue

Table C.6: Lexical and descriptive tags obtained from the prompt-response triples ⟨x, y1, y2⟩ in order to find
a subset S ⊂ D to route to human annotators.

C.4.1 Meta-analyzer for descriptive tags

Descriptive tags such as “subject of expertise” or “safety concern” of the prompt require a non-trivial

understanding of the prompts to be classified or extracted accurately. To do this, we use an internal analyzer

that is finetuned from Llama-3 [Dubey et al., 2024] with 1K human-labeled examples regarding 8 dimensions

(as is listed under the descriptive tags in Table C.6). This analyzer achieves 78% average performance for

classifying or extracting the tags for different dimensions (measured by F1 or Exact Match based on the
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I have heard that incense can be used to help 
you from getting sick?

There is no 
scientific evidence 
to support the claim 
that incense can 
help prevent or 
cure... consult with 
a healthcare 
professional...

You’re interested 
in the ancient art 
of incense 
therapy! Here’s a 
breakdown of 
how incense 
might help...

What is bigger 10 / 5 + 2 *2 * 2 

or 2 ^ 10 / 3 ^ 4?

Let's simplify 
both 
expressions: 
... 
So the first 
expression is 
bigger: 10 > 
12.64.

Let’s evaluate 
both step by 
step:

...

12.64>10

Therefore, 
2^10/3... is 
bigger than...

A AB B

A is clearly better
B is clearly better

A is clearly better
B is clearly better

Subj. expertise: Medicine & HealthSubj. expertise: Medicine & Health

BERTScore in [0.67, 1.00]

Safety Concern: Moderate
Expertise Level: General Public

Expertise Level: General Public

Complexity of Intent: Simple

Figure C.4: Gain distribution in MULTIPREF where gain is defined as the improvement in RM performance
if a particular instance is routed to humans.Two real examples are picked from MULTIPREF to demonstrate
the reason for negative and positive gains. In the negative-gain example, the human annotation prefers a
wrong answer to the math question. In the positive-gain example, the GPT-4 annotation prefers a response
with limited scientific evidence, while the human annotator chooses the opposite.

dimension type) according to a test set of 200 examples, making it a relatively reliable tool for our feature

extraction purpose. Since this meta-analyzer is separate from the main contribution of this paper and will be

released afterward in another project, we will defer a more detailed description to that release.

C.5 Performance Gain

Table C.7 shows the performance gain for all textual and descriptive tags using the quadratic regressor. We

obtain these values by routing random 100 instances for each tag to human annotators, and then computing

the gain in predicted performance compared to a set without human annotations. Figure C.4 shows the gain

distribution in MULTIPREF when routing each preference instance individually to human annotators, along

with high- and low-gain examples and actual human and GPT-4 annotations.

C.6 Best-of-N Evaluation Details

Best-of-N evaluation converts existing LM benchmarks into a reranking format by using a model to generate

multiple completions for each instance in the original benchmark, and testing whether reward models can

identify the completion that, if selected, will improve the performance according to the original benchmark
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Tag Gain ×10−3 Tag Gain ×10−3

BERTScore ∈ [0.33, 0.67] 0.193750 Languages: English -0.000002
Subject Of Expertise: Chemical Engineering 0.105020 BERTScore ∈ [0.67, 1.0] -0.000030
Subject Of Expertise: Religion 0.086431 Complexity Of Intents: Simple -0.000038
Safety Concern: Moderate 0.085119 Open Endedness: High -0.000048
Subject Of Expertise: Anthropology 0.056241 Expertise Level: General Public -0.000050
Subject Of Expertise: Chemistry 0.049632 Prompt Len ∈ [0.33, 0.67] -0.000092
Subject Of Expertise: Visual Arts 0.049022 Expertise Level: Basic Domain Knowledge -0.000095
Subject Of Expertise: Earth Sciences 0.046782 Token length diff. of responses ∈ [0.0, 0.33] -0.000148
Subject Of Expertise: Space Sciences 0.036908 Subject Of Expertise: Performing Arts -0.000600
Complexity Of Intents: Moderate 0.029672 BERTScore (length-adjusted) ∈ [0.33, 0.67] -0.001128
Subject Of Expertise: Social Work 0.025898 Entity similarity ∈ [0.33, 0.67] -0.002241
ROUGE-L ∈ [0.67, 1.0] 0.023988 Format Constraints -0.003207
Subject Of Expertise: Electrical Engineering 0.019559 Subject Of Expertise: Economics -0.003956
Open Endedness: No 0.018545 Subject Of Expertise: Literature -0.004155
Subject Of Expertise: Sociology 0.018227 Open Endedness: Low -0.004645
Subject Of Expertise: Others 0.017666 Complexity Of Intents: Complex -0.005822
Subject Of Expertise: Physics 0.016211 Subject Of Expertise: Journalism -0.010357
Subject Of Expertise: Environmental Studies And Forestry 0.015419 Subject Of Expertise: Agriculture -0.012079
Subject Of Expertise: Human Physical Performance And Recreation 0.015357 Subject Of Expertise: Geography -0.012384
Type Of In Context Material 0.010069 Subject Of Expertise: Public Administration -0.015030
Subject Of Expertise: Mathematics 0.007851 Subject Of Expertise: Linguistics And Language -0.017714
Subject Of Expertise: Medicine And Health 0.006494 Safety Concern: High -0.019413
Expertise Level: Expert Domain Knowledge 0.006438 Subject Of Expertise: Civil Engineering -0.019803
Subject Of Expertise: System Science 0.005806 Subject Of Expertise: Logic -0.024843
Subject Of Expertise: History 0.004697 Subject Of Expertise: Transportation -0.025025
Subject Of Expertise: Education 0.004515 Subject Of Expertise: Architecture And Design -0.026261
Subject Of Expertise: Political Science 0.003837 Cosine similarity ∈ [0.0, 0.33] -0.030673
Entity similarity ∈ [0.67, 1.0] 0.002854 Subject Of Expertise: Philosophy -0.053563
Subject Of Expertise: Biology 0.002666 Subject Of Expertise: Materials Science And Engineering -0.086784
Subject Of Expertise: Business 0.002657 Subject Of Expertise: Library And Museum Studies -0.097521
Cosine similarity ∈ [0.33, 0.67] 0.001750 Subject Of Expertise: Media Studies And Communication -0.101790
Subject Of Expertise: Mechanical Engineering 0.001730 Subject Of Expertise: Military Sciences -0.102220
Subject Of Expertise: Law 0.001291 Subject Of Expertise: Family And Consumer Science -0.633210
Subject Of Expertise: Psychology 0.001023
Safety Concern: Low 0.000905
Subject Of Expertise: Culinary Arts 0.000782
Subject Of Expertise: Computer Sciences 0.000746
Open Endedness: Moderate 0.000721
BERTScore (length-adjusted) ∈ [0.67, 1.0] 0.000616
Length of shorter response ∈ [0.0, 0.33] 0.000542
Token length diff. of responses ∈ [0.67, 1.0] 0.000344
ROUGE-L ∈ [0.0, 0.33] 0.000298
Length of longer response ∈ [0.67, 1.0] 0.000208
Prompt Len ∈ [0.0, 0.33] 0.000196
Length of longer response ∈ [0.0, 0.33] 0.000177
Prompt Len ∈ [0.67, 1.0] 0.000147
Safety Concern: Safe 0.000093
Length of shorter response ∈ [0.67, 1.0] 0.000061
ROUGE-L ∈ [0.33, 0.67] 0.000055
Length of shorter response ∈ [0.33, 0.67] 0.000049
Token length diff. of responses ∈ [0.33, 0.67] 0.000045
Entity similarity ∈ [0.0, 0.33] 0.000040
Length of longer response ∈ [0.33, 0.67] 0.000038
Cosine similarity ∈ [0.67, 1.0] 0.000027
BERTScore (length-adjusted) ∈ [0.0, 0.33] 0.000019
Subject Of Expertise: Divinity 0.000000

Table C.7: Average gain in MULTIPREF’s performance (as predicted by the quadratic regressor) when
routing random 100 units to human annotators.
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metrics. We mainly follow the setup introduced in Ivison et al. [2024], and we adopt the following benchmarks

to cover a wide variety of capabilities.

– GSM8K [Cobbe et al., 2021b] for math reasoning. We report the “exact match” metric.

– BIG-Bench Hard (BBH) [Suzgun et al., 2022] for various types of reasoning. We report the “exact

match” metric.

– IFEval [Zhou et al., 2023b] for precise instruction following. We report their “prompt-level loose

accuracy” metric.

– Codex HumanEval [Chen et al., 2021] for coding. We report the “pass@1” metric.

– AlpacaEval [Li et al., 2023b] for general chat capabilities. We use their version 1 and report the

“win_rate” metric, judged by GPT4.

To accelerate the evaluation, for BBH, we randomly sample 50 instances for each subtask, resulting in

a final set of 1350 instances. For other benchmarks, we capped the number of instances at 1K. We sample

16 responses from TÜLU-2 13B with a temperature of 0.7 and a top_p of 1 for each evaluation task we

examine. We then pass these responses (along with the prompt used for generation) into the a given reward

model, and use the top-scoring response as the final output to compute the corresponding metrics.

C.7 Finegrained RewardBench Results

Each category in RewardBench consists of curated instances of prompt-chosen-rejected triples from other

evaluation datasets. Tables C.8 to C.11 show the finegrained evaluation results for each of RewardBench’s

categories.

C.8 Direct Preference Optimization Results

Other than evaluating different preference datasets in terms of their reward modeling performance, we also

tried training models using direct preference optimization (DPO, Rafailov et al. [2023]) and see if they the

final LM can be improved.
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AlpacaEval MT Bench
Pref. Mix Easy Length Hard Easy Hard

MULTIPREF 99.0 87.4 98.9 96.4 87.5
Helpsteer2 90.0 88.4 89.5 92.9 92.5
AlpacaFarm 97.7 89.5 97.5 91.7 93.3
ChatArena 98.0 88.4 97.9 89.3 92.5

Table C.8: Finegrained RewardBench results on the Chat category

MT Bench LLMBar LLMBar Adver.
Pref. Mix Hard Natural Neighbor GPTInst. GPTOut Manual

MULTIPREF 67.6 71.0 13.4 13.0 42.6 30.4
Helpsteer2 73.0 80.0 69.4 52.2 40.4 63.0
AlpacaFarm 70.3 80.0 47.3 27.9 46.1 33.3
ChatArena 67.6 77.0 47.0 25.0 53.2 45.7

Table C.9: Finegrained RewardBench results on the Chat-Hard category

Refusals XSTest DoNotAnswer
Pref. Mix Dangerous Offensive Refuse Respond −

MULTIPREF 94.0 99.0 80.5 60.0 49.3
Helpsteer2 75.0 75.0 77.9 92.8 60.3
AlpacaFarm 28.0 66.3 58.4 83.9 44.4
ChatArena 47.0 79.0 66.9 78.0 46.3

Table C.10: Finegrained RewardBench results on the Safety category

Math PRM HumanEvalPack (HEP)
Pref. Mix − C++ Golang Java Javascript Python Rust

MULTIPREF 81.7 74.4 75.6 73.8 76.2 75.0 73.8
Helpsteer2 93.1 74.4 81.7 84.8 81.1 82.3 81.1
AlpacaFarm 43.0 85.6 81.3 88.2 83.7 84.6 83.7
ChatArena 66.2 84.1 81.7 88.4 86.0 83.5 82.3

Table C.11: Finegrained RewardBench results on the Reasoning category

Our DPO experiments are based off a Llama-3 8B model [Dubey et al., 2024] finetuned with TÜLU-2

SFT data [Ivison et al., 2023] to get a reasonable initial policy. We use the same set of hyperparameters as is

used in [Ivison et al., 2024]. We report the performance on a few benchmarks that benefit from DPO training,

following the setups in [Ivison et al., 2024].
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Table C.12 shows the results for our best hybrid preference mix, random mix baselines with different

fractions of human data, and the base SFT model. Although we see that our best hybrid mix generally remains

within the high-rank range, but the differences between different mixes are relatively small. We suspect this

is because in DPO training, the learning rate is quite low (LR = 5e− 07), and the KL regularization prevents

the policy from moving away from the base SFT weights. This, combined with our relatively small data size,

may not lead to significant changes in terms of the final model performance. Therefore, we use reward model

performance in the main paper to evaluate preference datasets.

Downstream Task Performance

Pref. Mix MULTIPREF (Appendix C.1) Helpsteer2 [Wang et al., 2024c]
% Direct Human for Best Hybrid: 37.4% % Direct Human for Best Hybrid: 69.6%

Avg. GSM8K BBH IFEval Codex AlpacaEval Avg. GSM8K BBH IFEval Codex AlpacaEval

Best Hybrid 56.67 68.61 65.09 49.54 79.59 20.53 56.09 65.73 65.29 58.96 75.13 15.34
100% Human 54.93 67.10 65.06 48.06 77.95 16.48 55.83 65.13 64.97 56.56 77.89 14.59
75% Human 54.25 66.19 65.11 47.87 74.90 17.20 56.44 65.73 65.32 56.56 79.06 15.52
50% Human 55.59 67.32 65.80 50.83 77.37 16.63 55.60 64.97 65.01 57.67 74.42 15.93
25% Human 56.15 67.70 65.26 50.09 78.53 19.14 56.25 65.81 64.77 58.23 76.53 15.91
100% Synth. 56.37 67.70 65.09 50.65 77.74 20.68 55.79 64.90 65.34 59.33 75.39 14.01
BASE SFT 52.53 64.14 63.51 47.13 77.53 10.32 52.53 64.14 63.51 47.13 77.53 10.32

Pref. Mix AlpacaFarm [Dubois et al., 2023] ChatArena [Zheng et al., 2023a]
% Direct Human for Best Hybrid: 67.2% % Direct Human for Best Hybrid: 23.0%

Avg. GSM8K BBH IFEval Codex AlpacaEval Avg. GSM8K BBH IFEval Codex AlpacaEval

Best Hybrid 54.07 63.68 64.58 51.20 74.46 16.40 56.75 68.76 65.49 56.19 77.06 16.24
100% Human 53.71 65.05 63.97 54.34 72.89 12.29 55.32 66.87 65.24 54.34 77.29 12.84
75% Human 53.02 63.84 63.92 53.05 71.54 12.77 56.20 67.02 65.29 55.45 78.66 14.58
50% Human 54.09 65.50 64.43 52.13 72.82 15.57 56.17 67.55 65.57 56.01 77.07 14.66
25% Human 53.88 65.58 64.26 51.39 74.19 13.98 55.55 66.41 65.17 53.79 77.81 14.57
100% Synth. 53.17 65.58 64.43 53.97 71.02 10.86 56.11 68.46 65.17 56.01 74.37 16.53
BASE SFT 52.53 64.14 63.51 47.13 77.53 10.32 52.53 64.14 63.51 47.13 77.53 10.32

Table C.12: Comparison of DPO-trained models using different human-LLM preference mixes.

C.9 Reward Model Training Details

For all the reward model training experiments in this work, we finetune from the TÜLU-2 13B SFT model

introduced in Ivison et al. [2023]. We use a fixed set of hyperparameters listed in Table C.13 to conduct the

training.

All reward model training runs for constructing the candidate dataset for the PPM are performed on 16
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Hyperparameter Value

Data Type bf16
Number of Epochs 1
Optimizer Type AdamW
Weight Decay 0.0
Learning Rate 1e-5
End Learning Rate 1e-6
Warmup Ratio 0.03
Accumulate Gradient Steps 4
Sequence Length 4096
Batch Size 128

Table C.13: Reward Model Training Hyperparameters

nodes of TPU v3 from Google Compute Engine.

C.10 Case Study: Helpsteer2

C.10.1 Analysis of Helpsteer2 Instances

From §4.5.2, we find that the best hybrid preference mix for Helpsteer2 requires 69.6% instances to be routed

to human annotators. We also find that contrary to other preference datasets we tested, Helpsteer2’s 100%

direct human preference mix outperforms its 100% synthetic preference mix in RewardBench. This suggests

that human annotations from Helpsteer2 are generally of higher quality, yet we want to understand whether

we can find trends where GPT-4 annotations can be better than human annotations. We approach this by

analyzing the hybrid preference mix in Helpsteer2: we start by characterizing the instances routed to GPT-4

using the meta-analyzer tags, then examine specific instances where humans and GPT-4 disagree in order to

find general reasons for disagreement.

Characteristics of instances routed to GPT-4. By examining the tags extracted by the meta-analyzer, we

find that 50% of instances routed to GPT-4 require subjects of expertise relating to Computer sciences and

Business, causing a long-tail distribution as shown in Figure C.6. This differs slightly from the human-routed

instances, where no single subject expertise dominates and the long-tail is less apparent, coinciding with our

findings in §4.6 where several subjects of expertise can benefit from human annotation.
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Figure C.5: Proportion of prompts routed to humans or GPT-4 that belong to a specific level of expertise.
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Business
Computer sciences
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Figure C.6: Top ten subjects of expertise needed to annotate instances for a subset routed to GPT-4 (left) and
subset routed to Humans (right) in Helpsteer2.

We also observe that most instances routed to GPT-4 contain prompts that require basic domain knowledge

to answer, as opposed to those instances routed to humans which only need general public knowledge

(Figure C.5). Upon closer inspection, we find that this trend is due to the proportion of Computer sciences

and Business user queries, which necessitate basic domain knowledge (e.g., coding, architecting a website

application, etc.). Figure C.8 shows some examples of prompts under the Computer sciences subject,

demonstrating different levels of required expertise.

Disagreement between humans and LMs. We also investigate how often humans and LMs disagree when

an instance is routed to humans. On the human-routed subset, we find a percentage agreement of 61.5%

and Cohen’s κ of 0.30, indicating minimal agreement [McHugh, 2012]. Upon inspecting these cases of

disagreement, we observe that common reasons include (1) high open-endedness or subjectivity in the user
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Figure C.7: Comparison between HYPER and random selection given fixed annotation budgets. We report
the average of the RewardBench score across three runs.

General public Basic domain knowledge

What is the difference between encoded and 
unencoded URLs? 

What to ask when buying a second hand 
imac...is it a good computer for a 7 year old 
boy?

Is it ethical for students to use chatGPT to 
submit essays?

make a docker file based on ubuntu 22.04, 
install latest nginx, create a sample 
index.html with a random wiki

i’m having version discrepancies with 
babel. how can i solve it. list me out all 
ways i can solve it.

Tell me everything about how to setup and 
use the hyperspace data structure for data 
compression

Figure C.8: Helpsteer2 prompts related to the Computer sciences subject but with different levels of expertise.
In the best hybrid mix, our framework routed majority of the General public instances to humans and the
Basic domain knowledge instances to GPT-4.

instruction (Figure C.10), (2) annotators choosing different responses when both are correct (Figure C.11),

and (3) incorrect GPT-4 preference (Figure C.12).

On the GPT-4 routed subset, the percentage agreement between humans and GPT-4 is 57.8% and Cohen’s

κ of 0.23. We find that causes for disagreement often include prompts that require an AI assistant to generate

content (Figure C.13) or roleplay a certain character (Figure C.14).
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Figure C.9: Comparison between HYPER and a random selection given different annotation budgets on the
Helpsteer2-Preferences dataset [Wang et al., 2024b].

C.10.2 Training the PPM on Helpsteer2

We also trained the PPM on 200 candidates generated from Helpsteer2 in order to test if HYPER can

generalize to other training datasets. Figure C.7 shows that for a fixed budget, the hybrid annotations obtained

from our framework still outperforms that of random selection.

C.10.3 Routing instances in the Helpsteer2-Preferences dataset

We apply HYPER using the same PPM from §4.5.2 to the Helpsteer2-Preferences dataset [Wang et al., 2024b].

The major difference between these two datasets is the manner in which human preferences were collected.

In Helpsteer2, preferences were obtained via aspect-based ratings, and the binarization process involves

comparing the weighted sum of the ratings across all aspects. On the other hand, Helpsteer2-Preferences

contains pairwise feedback, where annotators clearly indicate whether one response is better than the other in

a 6-point Likert scale, where one option indicates that neither response is valid.

To obtain LM preferences, we prompt GPT-4 Turbo with the user requests and model responses from the

Helpsteer2-Preferences dataset, together with the annotation guidelines in Wang et al. [2024b], and obtain a

preference strength from -3 (“Response 1 is much better than Response 2”) to 3 (“Response 2 is much better

than Response 1”). We binarize the responses and then remove any ties.
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SUBJECTIVITY IN THE USER INSTRUCTION

Prompt: How can I simplify and improve this, making it sound warm yet professional?
We are excited to introduce Augustaux, curated collections of old-world paintings turned into
giclee fine art prints for your wall. We strive to make beautiful old art accessible and produce it in
a way that maintains the texture, detail and quality it deserves.

Completion A (preferred by ): Here’s a revised version of your text that is more concise and
easier to read: "Welcome to Augustaux, where we bring you the finest selection of vintage art
prints for your walls. Our giclee fine art prints are expertly crafted to capture the texture, detail,
and quality of the original works. Discover a world of timeless beauty and discover the perfect
piece to enhance your home or office today!"

Completion B (preferred by ): We are thrilled to introduce Augustaux, a curated collection
of old-world paintings turned into giclee fine art prints for your walls. Our mission is to make
beautiful old art accessible to all, while maintaining the texture, detail, and quality it deserves.
Each print is carefully produced to ensure that the beauty and artistry of the original painting is
preserved, bringing a touch of elegance and sophistication to any space.

Figure C.10: Disagreement between human and GPT-4 due to subjectivity in the user instruction.

Figure C.9 shows that HYPER also generalizes to the Helpsteer2-Preferences dataset, with the best

hybrid requiring 67.6% of human annotations. Interestingly, we also find that the aspect-based Helpsteer2

dataset [Wang et al., 2024c] outperforms the pairwise Helpsteer2-Preference dataset on the 100% human mix,

and vice-versa on the 100% synthetic mix, as shown in Table C.14.

C.11 Prompt Templates for Synthetic Preferences

In this section, we describe the prompt templates for obtaining synthetic preferences from LLMs. We used

the gpt-4-turbo-2024-04-09 model for all experiments.

C.11.1 Helpsteer2 prompt template

For Helpsteer2 [Wang et al., 2024c], we write prompt templates for each aspect (helpfulness, correctness,

coherence, complexity, and verbosity) as shown in Figures C.15 to C.19. We use the same text as in their

annotation guidelines and prompt the model to rate outputs from 0 to 4. To binarize the preferences, we

obtained the weighted-sum for each unique response using the Llama-3 weights:
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DIFFERENCE PREFERENCES BUT BOTH RESPONSES ARE CORRECT

Prompt: How many feet is five feet plus four feet?

Completion A (preferred by ): The answer is 9 feet. 5 feet + 4 feet = 9 feet Therefore, 9
feet is the correct answer. It’s important to note that this calculation assumes that we are using
the imperial measurement system, in which 1 foot is equal to 12 inches. In other measurement
systems, the answer may be different. Additionally, it’s always a good idea to double-check
calculations and make sure that units are properly converted and accounted for, especially when
dealing with measurements.

Completion B (preferred by ): To find the total number of feet, I need to add the two lengths
together. Five feet plus four feet is the same as 5 + 4 = 9 feet. So the answer is 9 feet.

Figure C.11: Disagreement between human and GPT-4 due to choosing different responses even if both are
correct.

Overall = 0.65 ∗ Helpfulness + 0.8 ∗ Correctness

+ 0.45 ∗ Coherence + 0.55 ∗ Complexity

− 0.40 ∗ Verbosity

C.11.2 MULTIPREF prompt template

The MULTIPREF template incorporates the descriptions for each aspect (helpfulness, truthfulness, and

harmlessness) in order to obtain a preference given two responses as shown in Figure C.21.

C.11.3 ChatArena and AlpacaFarm prompt template

To obtain LLM preferences for ChatArena [Zheng et al., 2023a] and AlpacaFarm [Dubois et al., 2023], we

use the AlpacaEval [Li et al., 2023c] template as shown in Figure C.23.
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GPT-4 PREFERENCE IS INCORRECT

Prompt: Which of the following statements are true? give reasons for your answers.

Completion A (preferred by ): There are no statements for evaluation. To provide an accurate
evaluation, please provide the statements in question.

Completion B (preferred by ):
1. All mammals are warm-blooded. This is true because the term "warm-blooded" refers to
the ability of mammals to maintain a constant body temperature, regardless of the external
temperature. This is achieved through the use of a complex system of thermoregulation, which
involves the regulation of metabolic rate, shivering, and sweating. This allows mammals to
maintain a stable body temperature, even in changing environmental conditions.

2. All mammals are vertebrates. This is also true because the term "mammal" refers to
a specific group of animals that are characterized by the presence of certain physical and
physiological features, such as the presence of hair or fur, the ability to produce milk, and the
presence of a placenta during pregnancy. All mammals are therefore classified as vertebrates,
which means that they have a backbone or spinal column.
(continued)

Figure C.12: Disagreement between human and GPT-4 due to the latter being wrong.

Pref. Mix Helpsteer2 Helpsteer2-Prefs

100% Human 72.4 71.4

75% Human
Random 73.1 72.2

Routed 73.4 72.4

50% Human
Random 69.9 69.0

Routed 73.1 71.4

25% Human
Random 71.9 65.5

Routed 74.0 67.3

100% Synth. 65.9 67.0

Best Hybrid 79.7 74.7

Table C.14: Performance comparison between Helpsteer2 [Wang et al., 2024c] and Helpsteer2-Preferences
[Wang et al., 2024b] on RewardBench (Overall) for different annotation budgets.
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OPEN-ENDED REQUESTS FOR GENERATING CONTENT

Prompt: I am working on a Low-Code Dynamic Rule Engine meant to be used by non-engineers.
Can you write a pitch for this product?

Completion A (preferred by ): Sure! Here’s a short pitch for a Low-Code Dynamic Rule
Engine that is meant to be used by non-engineers:

"Introducing the Low-Code Dynamic Rule Engine - a powerful and intuitive platform that enables
businesses to quickly and easily create and manage complex rules and regulations without
the need for extensive technical expertise. With our user-friendly interface and drag-and-drop
functionality, you can easily create rules that govern your business processes, ensuring compliance
and efficiency. (continued)

Completion B (preferred by ):
Sure, here’s a possible pitch for your Low-Code Dynamic Rule Engine:

Are you tired of complex rule engines that require expensive engineers to set up and maintain?
Look no further than our Low-Code Dynamic Rule Engine. Our platform is designed to empower
non-engineers to create and manage rules with ease, allowing you to focus on what matters most -
your business.
(continued)

Figure C.13: Disagreement between human and GPT-4 due to open-ended text generation request with high
subjectivity.
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ASKING THE ASSISTANT TO ROLEPLAY

Prompt: Can you be my Pinescript Professor by providing me with a syllabus and guiding me
through each step of the process until I am able to learn and understand pinescript well enough to
code using it?

Completion A (preferred by ): Sure, I can help you get started with PineScript! Here’s a
general outline of what we’ll cover:

Introduction to PineScript: We’ll start by going over the basics of PineScript syntax and how it
works. We’ll also discuss some of the key concepts you need to know to get started with coding in
PineScript.

Building Your First Script: Once you have a good understanding of the basics, we’ll move on to
building your first script. We’ll go over the steps involved in creating a simple trading strategy and
how to test it out.
(continued)

Completion B (preferred by ):
Sure, I’d be happy to help you learn PineScript! Here’s a suggested syllabus for learning PineScript:

1. Introduction to PineScript: Start by learning the basics of PineScript syntax and structure. Study
the official PineScript documentation and tutorial to get familiar with the language.

2. Basic PineScript Functions: Learn the basic functions and operators in PineScript, such as
arithmetic operators, comparison operators, and logical operators.

3. Conditional Statements: Study the different types of conditional statements in PineScript, such
as if-else, switch, and ternary operators.
(continued)

Figure C.14: Disagreement between human and GPT-4 due to the type of request.
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Helpsteer2 Helpfulness prompt

Evaluate how useful and helpful the response is. Rate the outputs from 0 to 4 using the following
criteria:

- 4: The response is extremely helpful and completely aligned with the spirit of what the prompt was
asking for.
- 3: The response is mostly helpful and mainly aligned with what the user was looking for, but there is
still some room for improvement.
- 2: The response is partially helpful but misses the overall goal of the user’s query/input in some way.
The response did not fully satisfy what the user was looking for.
- 1: The response is borderline unhelpful and mostly does not capture what the user was looking for,
but it is still usable and helpful in a small way.
- 0: The response is not useful or helpful at all. The response completely missed the essence of what
the user wanted.

Please give a confidence score on a scale of 0 to 1 for your prediction (float).

—

## Format

### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

—

## Annotation
### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

Figure C.15: Helpfulness prompt for Helpsteer2
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Helpsteer2 Correctness prompt

Evaluate how the response is based on facts, without hallucinations or mistakes. The response should cover
everything required in the instruction:

- 4: The response is completely correct and accurate to what is requested by the prompt with no necessary
details missing and without false, misleading, or hallucinated information. If the prompt asks the assistant to do
a task, the task is completely done and addressed in the response.
- 3: The response is mostly accurate and correct with a small amount of missing information. It contains no
misleading information or hallucinations. If the prompt asks the assistant to perform a task, the task is mostly
successfully attempted.
- 2: The response contains a mix of correct and incorrect information. The response may miss some details,
contain misleading information, or minor hallucinations, but is more or less aligned with what the prompt asks
for. If the prompt asks the assistant to perform a task, the task is attempted with moderate success but still has
clear room for improvement.
- 1: The response has some correct elements but is mostly wrong or incomplete. The response may contain
multiple instances of hallucinations, false information, misleading information, or irrelevant information. If the
prompt asks the assistant to do a task, the task was attempted with a small amount of success.
- 0: The response is completely incorrect. All information provided is wrong, false or hallucinated. If the
prompt asks the assistant to do a task, the task is not at all attempted, or the wrong task was attempted in the
response. The response is completely irrelevant to the prompt.

Please give a confidence score on a scale of 0 to 1 for your prediction (float).

—

—

## Format

### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

—

## Annotation
### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

Figure C.16: Correctness prompt for Helpsteer2
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Helpsteer2 Coherence prompt

Evaluate how the response is self consistent in terms of content, style of writing, and does not
contradict itself. The response can be logically followed and understood by a human. The response
does not contain redundant or repeated information (like for story generation, dialogue generation,
open ended prompts/questions with no clear right answer.)

- 4: (Perfectly Coherent and Clear) The response is perfectly clear and self-consistent throughout.
There are no contradictory assertions or statements, the writing flows logically and following the train
of thought/story is not challenging.
- 3: (Mostly Coherent and Clear) The response is mostly clear and coherent, but there may be one or
two places where the wording is confusing or the flow of the response is a little hard to follow. Over
all, the response can mostly be followed with a little room for improvement.
- 2: (A Little Unclear and/or Incoherent) The response is a little unclear. There are some inconsis-
tencies or contradictions, run on sentences, confusing statements, or hard to follow sections of the
response.
- 1: (Mostly Incoherent and/or Unclear) The response is mostly hard to follow, with inconsistencies,
contradictions, confusing logic flow, or unclear language used throughout, but there are some coher-
ent/clear parts.
- 0: (Completely Incoherent and/or Unclear) The response is completely incomprehensible and no
clear meaning or sensible message can be discerned from it.
Please give a confidence score on a scale of 0 to 1 for your prediction (float).

—

## Format

### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

—

## Annotation
### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

Figure C.17: Coherence prompt for Helpsteer2
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Helpsteer2 Complexity prompt

Evaluate the response along a simple -> complex spectrum. The response uses simple, easy to under-
stand vocabulary and sentence structure that children can understand vs the model uses sophisticated
language with elevated vocabulary that adults with advanced education or experts on the topic would
use.

- 4: (Expert) An expert in the field or area could have written the response. It uses specific and
technically relevant vocabulary. Elevated language that someone at the simple or basic level may not
understand at all. The professional language of a lawyer, scientist, engineer, or doctor falls into this
category.
- 3: (Advanced) The response uses a fairly sophisticated vocabulary and terminology. Someone
majoring in this subject at a college or university could have written it and would understand the
response. An average adult who does not work or study in this area could not have written the
response.
- 2: (Intermediate) People who have completed up through a high school education will probably be
able to understand the vocabulary and sentence structure used, but those at the basic level or children
might struggle to understand the response.
- 1: (Simple) The response uses relatively straightforward language and wording, but some schooling
through elementary or a middle school in the language might be required to understand the response.
- 0: (Basic) The response uses very easy to understand language that is clear and completely inter-
pretable by children, adults, and anyone with a functional command of the language.
Please give a confidence score on a scale of 0 to 1 for your prediction (float).

—

## Format

### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

—

## Annotation
### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

Figure C.18: Complexity prompt for Helpsteer2
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Helpsteer2 Verbosity prompt

Evaluate if the response is direct to the point without extra wordings. The opposite direction is
verbose, the response is wordy, giving a long winded and/or detailed reply.

- 4: (Verbose) The response is particularly lengthy, wordy, and/or extensive with extra details given
what the prompt requested from the assistant model. The response can be verbose regardless of if the
length is due to repetition and incoherency or if it is due to rich and insightful detail.
- 3: (Moderately Long) The response is on the longer side but could still have more added to it before
it is considered fully detailed or rambling.
- 2: (Average Length) The response isn’t especially long or short given what the prompt is asking
of the model. The length is adequate for conveying a full response but isn’t particularly wordy nor
particularly concise.
- 1: (Pretty Short) The response is on the shorter side but could still have words, details, and/or text
removed before it’s at a bare minimum of what the response is trying to convey.
- 0: (Succinct) The response is short, to the point, and the most concise it can be. No additional
information is provided outside of what is requested by the prompt (regardless of if the information or
response itself is incorrect, hallucinated, or misleading. A response that gives an incorrect answer can
still be succinct.).

Please give a confidence score on a scale of 0 to 1 for your prediction (float).

—

## Format

### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

—

## Annotation
### Input
Instruction: [Specify task goal and restrictions]

Texts:

<text id> [Text { text }]

Figure C.19: Verbosity prompt for Helpsteer2
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MULTIPREF system prompt

Your role is to evaluate text quality based on given criteria. You’ll receive an instructional description
(“Instruction”) and two text outputs (“Text”). Understand and interpret instructions to evaluate
effectively. Provide annotations for each text with a rating and rationale. The two texts given are
independent, and should be evaluated separately.

Figure C.20: System prompt for MULTIPREF
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MULTIPREF overall prompt template

# Overall assessment

You will be asked to indicate your preference between two prompts. Considering the following aspects:

## Helpfulness
By helpfulness, we mean that the response should be helpfulto the user by following their intention and serving
the user’s needs.
1. Correct: It provides a more correct answer or performs the request more precisely.
2. Informative: It provides more useful information that can assist the user.
3. Concise: It responds at a better level of verbosity and is concise when possible.
4. Well Formatted: It presents the content in a better and clearer format or structure.
5. Coherent: It is more logical and consistent, as a whole.
6. Creative: It is more creative when appropriate.
7. Understandable: The answer is at an appropriate level of complexity to be understood.
8. Better Tone: It answers in a better tone that the user may prefer in the context (e.g., being more polite,
assertive, amusing, etc.)

## Truthfulness
By truthfulness, we mean that the response should provide accurate information, not contain false statements,
and not mislead the user. Note that truthfulness focuses on the accuracy of the provided information, instead of
how much information is provided. In this sense, a response that refuses to answer such as ’I don’t know’ can
be considered as equally truthful as a correct response.
1. Factual: It responds with information that is more grounded in reality, with fewer factual errors and mistakes.
2. Faithful: When the user provides some context (e.g., for summarization), the response better adheres to the
provided information rather than making up content, unless requested.
3. Aware of time: It is more aware of the request’s temporal sensitivity and tries to provide time-conditioned
or more up-to-date information.
4. Aware of confusion: If the request is confusing, it asks for a clarification that is more proper than dirtly
responding.
5. Aware of falsehood: If there are falsehoods or misconceptions in the user’s request, it clarifies or corrects
them better.
6. Aware of incapabilities: It better acknowledges its knowledge limitation or uncertainty rather than providing
false information confidently.

## Harmlessness
By harmlessness, we mean that the response should not cause discomfort, harm, or damage to human beings,
animals, property, or the environment. It should refuse to answer potentially unsafe questions (e.g., how to
commit suicide) if it’s requested to do so.
1. Not offensive: It contains less toxic, discriminatory, or biased content against certain groups.
2. Not dangerous: It better abstains from providing advice or other information that may lead to violence or
other dangerous activities.
3. Avoids restricted content: It better avoids providing content that is age-restricted or inappropriate for
certain audiences.
4. Respects privacy: It better respects the privacy of the user or other entities.

Figure C.21: Judgment prompt for MULTIPREF
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AlpacaEval system prompt

You are a highly efficient assistant, who evaluates and selects the best large language model (LLMs)
based on the quality of their responses to a given instruction. This process will be used to create a
leaderboard reflecting the most accurate and human-preferred answers.

Figure C.22: System prompt for ChatArena and AlpacaFarm
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AlpacaEval prompt template

I require a leaderboard for various large language models. I’ll provide you with prompts given to
these models and their corresponding outputs. Your task is to assess these responses, and select the
model that produces the best output from a human perspective.

## Instruction

{
"instruction": """{{ text }}"""

}

## Model Outputs
Here are the unordered outputs from the models. Each output is associated with a specific model,
identified by a unique model identifier.

{
{

"model_identifier": "m",
"output": """{{ completions[0] }}"""

},
{

"model_identifier": "M",
"output": """{{ completions[1] }}"""

}
}

## Task
Evaluate the models based on the quality and relevance of their outputs, and select the model that
generated the best output. Answer by providing the model identifier of the best model. We will
use your output as the name of the best model, so make sure your output only contains one of the
following model identifiers and nothing else (no quotes, no spaces, no new lines, ...): m, M, or tie.

## Best Model Identifier

Figure C.23: Judge prompt for ChatArena and AlpacaFarm
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Appendix D

Appendix: Post-training LMs with Open

Data

D.1 Instruction Datasets Details

We provide a brief description of all the instruction datasets used (and licenses) below:

– SuperNI: A collection of diverse NLP tasks with instructions, created by Wang et al. [2022b]. The

dataset uses the Apache-2.0 license.

– CoT: A collection of datasets annotated with chain-of-thoughts [Wei et al., 2022b]. We use the CoT

mixture from the FLAN v2 collection [Chung et al., 2022], splitting it out as a separate dataset. The

FLAN mixture is released under the Apache-2.0 license, although the component datasets may not use

this license.

– Flan V2: A collection of NLP tasks that combines a number of existing NLP datasets with various

data augmentations, introduced by Chung et al. [2022]. The mixture is released under the Apache-2.0

license, although the component datasets may not use this license.

– Dolly: A collection of instruction-following samples created by Databricks employees [Databricks,

2023]. The dataset is released under the Creative Commons Attribution-ShareAlike 3.0 Unported

License.
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– Open Assistant 1: A crowdsourced human-annotated assistant-style conversation corpus, consisting of

a large number of sample conversations in a wide variety of languages [Köpf et al., 2023]. The dataset

is released under the Apache-2.0 license.

– Self-Instruct: A dataset of instruction-following samples created by prompting GPT-3 to create

new samples given some example instances [Wang et al., 2022a]. The dataset is released under the

Apache-2.0 license.

– Unnatural Instructions: A dataset of instruction-following samples created by prompting InstructGPT002

using the method introduced by Honovich et al. [2022a]. The dataset is released under the MIT license.

– Alpaca: A dataset created using a self-instruct-style method with InstructGPT003 as the generation

model and some over improvements over self-instruct [Taori et al., 2023]. The dataset is released under

a Attribution-NonCommercial 4.0 International (CC BY-NC 4.0) license.

– Code-Alpaca: A dataset created using the Alpaca method, but focussing on code generation [Chaud-

hary, 2023]. The dataset is released under the Apache-2.0 license.

– GPT-4 Alpaca: A dataset created using the Alpaca dataset as inputs, but replacing the example

generations with generations from GPT-4 [Peng et al., 2023]. We include this to see the effect of using

a better quality generation model. The dataset is released under the Apache-2.0 license.

– Baize: A dataset created by prompt ChatGPT and letting it converse with itself [Xu et al., 2023]. The

dataset is released under the GNU General Public License v3.0.

– ShareGPT: A collection of user interactions with various chat systems publicly shared. We use

the ‘html-cleaned’ variant available at https://huggingface.co/datasets/anon8231489123/ShareGPT_

Vicuna_unfiltered/ tree/main/HTML_cleaned_raw_dataset. We then split long conversations (over

2048 tokens) into max-2048 token chunks, following the Vicuna setup [Chiang et al., 2023]. We do not

do any further filtering of samples. This dataset is released under the Apache-2.0 license.

We note that the SuperNI and CoT datasets are included in the FLAN V2 collection but only account for

a small portion of our subsampled FLAN V2 dataset.
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We also note that we broadly use popular already publicly available instruction-tuning datasets, and in

the case of human-authored datasets, largely use datasets created explicitly (with participant knowledge) for

the purpose of training models (e.g., Dolly, Open Assistant 1). As instruction-tuning data, most data is not

likely to contain personally identifying details, although we note that we did not make an effort to remove

offensive content, so our models may produce toxic or harmful generations.

D.2 Model Training Details and Compute

We train all models for two epochs with a learning rate of 2e− 5 (1e− 5 for 30B and 65B models), with no

weight decay and a learning rate with linear decay and linear warmup for 3% of the total training steps. We use

a maximum sequence length of 2048 (1024 for 30B and 65B), truncating samples where necessary. During

training, we make use of the DeepSpeed library [Rasley et al., 2020] and ZeRO optimizer [Rajbhandari et al.,

2020] to allow for large-scale model finetuning. In all cases, we fully finetune models. We trained models

primarily on the CSC LUMI GPU cluster, each node on which contains 4 AMD MI250x GPUs.

D.3 Evaluation Setups

We provide further details on the evaluation setups used below. We also note that we release evaluation code

along with our training code to allow easy reproduction.

– MMLU: We use the official MMLU evaluation script and prompts available at https://github.com/

hendrycks/ test, with modifications to allow for batch processing. We evaluate using 0 and 5 few-shot

examples, following the original setup of MMLU.

– GSM: We evaluate models on the test set of GSM. Following Wei et al. [2022b], we evaluate with and

without chain-of-thought (CoT vs Direct). Both settings use 8 few-shot in-context examples (in the

chain-of-thought setting, the few-shot examples are accompanied by chain-of-thoughts). Because all

answers in GSM are numbers, we extract the last number in the model response as the final answer.

To allow for faster evaluation, we randomly sampled 200 examples from the 1319 testing examples,

which we find gives similar performance as the full-set evaluation.
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– BBH: We follow the setup described in the original paper Suzgun et al. [2022], and evaluate with and

without chain-of-thought (CoT vs Direct). The officially provided prompts, which have 3 few-shot

in-context examples are used for both CoT and Direct setups. For the CoT setup, we extract the first

word after the phrase ‘So the answer is’, or the entire response if there is no such substring present.

– TydiQA We follow the setup described in the PaLM 2 technical report [Anil et al., 2023] to evaluate

models’ performance in answering multilingual questions under two settings: 1) when the gold passage

that contains the answer is given (GoldP/GP); 2) when there is no context given (Closed-Book/CB).

One in-context example is used to familiarize the model with the answering format.

– Codex-Eval We use the HumanEval dataset in the Codex paper [Chen et al., 2021] for evaluating

models’ coding ability. The dataset contains 164 programming problems, where models are prompted

to complete the Python function given its docstring. Following the original paper, we compute unbiased

estimates of pass@k to measure the functional correctness of models’ outputs. We report both pass@1

and pass@10. The pass@1 results were obtained by sampling with a temperature of 0.1 and the

pass@10 results with a temperature of 0.8.

– ToxiGen We follow the setup in Touvron et al. [2023b], but use the original set of prompts from

Hartvigsen et al. [2022], which are designed to elicit toxic generations for certain groups. We take only

the prompts designed to produce toxic language (‘hateful’ prompts) and use 500 prompts per group to

reduce evaluation costs. For base language models, we pass in the original ToxiGen prompts unchanged

and greedily decode up to the first new line (or a maximum of 512 tokens). For instruction-tuned

models, we place the prompt in the corresponding template, and ask the model to complete the prompt,

until the model generates a stop token (or a maximum of 512 tokens). We pass the generated text into a

roberta-large model trained to detect toxic content finetuned as part of Hartvigsen et al. [2022]1. We

then report the percentage of generations deemed toxic by the classifier.

– TruthfulQA Following Touvron et al. [2023b], we mainly use the generation setting of TrutufulQA

[Lin et al., 2022]. The TrutufulQA dataset contains 818 questions, which are used to prompt the

tested model to generate answers. We use the default QA prompt format with 6 in-context QA

1https://huggingface.co/tomh/toxigen_roberta
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examples. We follow the official script in their official implemention 2 to do greedy decoding and

answer postprocessing. We also follow their instruction to train two GPT-based classifiers for judging

the truthfulness and informativeness of the model response. We report the rate of the responses being

truthful (% Trutuful), informative (% Informative), and both (% Informative and Truthful) as our

metrics. Following Touvron et al. [2023b], we only report the (% Informative and Truthful as our

primary metric in the main paper.

– AlpacaEval We use the package provided by Li et al. [2023b], following the default setup which

asks the evaluated model to generate responses for 805 prompts and employ GPT-4 to compare the

response with InstructGPT003. We employ the “alpaca_eval_gpt4_0314” annotator config instead of

“alpaca_eval_gpt4” to make the results reproducible. We allow the evaluated model to generate up to

8192 tokens, without specifying special stop sequences. The reported win-rate is the percentage of

model generations that GPT-4 reports as being preferred over the generations from InstructGPT003.

For all the evaluations, we load models using the 8-bit mode [Dettmers et al., 2022] provided in the

Huggingface Transformers library, which we find speeds up the inference significantly and has negligible

impact on the final performance. When doing generation, we use greedy decoding and a max length of 512

tokens, unless otherwise specified.

D.4 Overview of All Automatic Evaluation Results

Table D.1 presents a compilation of the results of all models trained as part of this work on all the core

capability evaluation benchmarks. We list multiple scenarios for all evaluation settings except AlpacaEval,

which has one setting. Please refer to §D.3 for the meanings of the reported metrics. We also calculate an

average across benchmarks in Table D.1. This is calculated by first calculating a per-benchmark average by

taking the average across scenarios. We then compute the overall average with each benchmark weighted

equally.

Additionally, for safety evaluation, we provide ToxiGen results broken down by group targeted in

Table D.2 for all models, from which we can see some groups are specially targeted, even after instruction

2https://github.com/sylinrl/TruthfulQA/
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MMLU GSM BBH TydiQA Codex-Eval AlpacaEval Average

0-shot 5-shot Direct CoT Direct CoT GP CB P@1 P@10 v InstructGPT003 -

Proprietary models ↓

GPT-4 82.4 83.9 35.0 92.5 50.9 88.0 70.8 27.6 85.7 94.1 93.5 74.8
ChatGPT 67.9 69.9 32.5 76.0 49.0 66.1 51.9 20.0 72.2 88.4 83.6 63.4

LLaMa 65B finetuning experiments ↓

Vanilla LLaMa 58.7 63.3 14.0 50.0 46.2 58.1 56.8 18.1 23.5 46.9 - -
ShareGPT 61.3 62.8 23.0 59.0 40.0 55.8 31.6 9.8 30.8 56.2 73.6 48.1
Human mix. 60.4 61.4 8.5 60.0 53.1 54.8 58.3 15.9 23.9 44.6 43.4 44.0
H+GPT mix ( ) 59.2 60.8 10.0 59.0 48.4 54.4 56.6 13.3 29.2 49.4 61.8 47.0

LLaMa 30B finetuning experiments ↓

Vanilla LLaMa 54.6 57.9 12.0 36.0 41.4 49.5 55.3 15.8 22.0 42.8 - -
ShareGPT 54.6 57.5 20.5 47.5 42.2 51.1 34.6 10.7 28.1 49.8 69.1 44.6
Human mix. 56.5 58.8 5.5 52.0 46.8 50.6 57.5 14.5 24.8 41.3 38.3 40.4
H+GPT mix ( ) 57.7 58.4 6.0 53.0 47.1 51.9 51.9 13.0 27.2 48.9 62.3 44.9

LLaMa 13B finetuning experiments ↓

Vanilla LLaMa 42.3 46.4 7.0 14.5 37.1 39.3 43.2 11.5 16.2 28.6 - -
SuperNI 49.7 50.3 2.5 4.0 9.4 4.5 50.2 9.6 8.2 12.9 4.2 20.0
CoT 44.2 45.2 12.5 40.0 38.7 41.9 47.8 9.1 12.8 23.7 6.0 27.3
Flan V2 50.6 51.2 3.0 20.0 41.7 40.8 47.2 11.4 9.0 16.8 3.2 24.8
Dolly 45.6 45.1 7.0 18.0 32.3 28.4 46.5 11.6 12.9 31.0 13.7 25.5
Open Assistant 1 43.3 36.7 5.0 15.0 35.9 39.6 33.4 10.3 16.1 31.9 58.1 32.0
Self-instruct 30.4 32.1 4.5 11.0 33.2 30.7 41.3 8.5 8.7 12.5 5.0 18.6
Unnat. Instruct. 46.4 45.7 5.5 8.0 37.9 33.7 41.0 8.5 14.4 23.9 8.4 23.5
Alpaca 45.0 46.9 7.0 9.5 36.0 36.6 31.1 7.9 14.6 29.9 21.9 25.7
Code-Alpaca 42.5 44.3 4.5 13.5 35.9 35.6 38.9 10.2 21.3 34.2 15.8 26.0
GPT4-Alpaca 46.9 47.1 9.0 16.5 38.2 38.8 23.5 6.2 15.1 36.6 63.1 33.7
Baize 43.7 41.6 5.0 10.0 37.2 38.7 33.6 7.2 15.1 28.7 21.9 25.4
ShareGPT 49.3 47.7 6.0 27.0 23.1 40.4 30.5 7.1 16.1 34.1 70.5 35.2
Human mix. 50.2 51.2 6.0 38.5 43.9 39.6 47.0 8.8 11.9 25.0 35.0 32.7
H+GPT mix ( ) 49.3 51.9 4.5 40.5 40.7 43.3 45.6 9.2 21.2 35.9 56.5 37.9

LLaMa-2 13B finetuning experiments ↓

Vanilla LLaMa-2 52.0 55.5 10.0 25.0 41.8 48.9 56.5 17.2 18.1 32.5 - -
H+GPT mix ( ) 52.3 54.6 5.0 53.0 44.1 50.6 58.8 15.7 23.5 38.9 64.0 43.7

LLaMa 7B finetuning experiments ↓

Vanilla LLaMa 31.5 33.8 5.0 10.0 32.2 33.0 38.4 9.0 11.0 20.5 - -
SuperNI 44.1 43.5 3.0 4.5 37.4 3.3 43.4 7.5 7.0 12.1 2.9 17.6
CoT 41.8 42.2 6.5 27.5 36.2 33.9 36.3 5.6 8.8 15.7 5.0 22.0
Flan V2 45.4 46.9 3.5 13.0 34.4 36.0 38.5 9.0 9.8 12.9 3.1 21.3
Dolly 38.1 35.0 4.5 5.5 28.3 23.8 39.8 9.7 11.4 22.5 10.9 20.1
Open Assistant 1 33.0 30.2 6.0 10.0 21.5 31.8 26.8 6.8 10.4 21.7 51.4 25.1
Self-instruct 35.6 32.7 3.5 7.0 31.5 29.4 34.5 7.1 6.2 11.8 4.0 17.3
Unnat. Instruct. 43.1 37.8 3.5 7.0 32.9 32.7 37.3 6.9 9.2 16.8 7.5 20.2
Alpaca 41.6 40.0 7.0 7.5 34.1 31.2 29.4 7.3 10.4 21.7 21.4 22.7
Code-Alpaca 34.3 33.7 6.5 7.0 31.1 30.6 35.8 9.5 16.6 28.2 15.3 22.0
GPT4-Alpaca 42.2 37.4 6.5 10.5 30.9 32.3 20.6 4.9 13.2 26.2 57.3 28.3
Baize 40.5 38.1 4.0 6.5 31.3 34.0 29.1 6.8 11.5 26.5 20.0 22.4
ShareGPT 44.5 39.5 6.0 9.5 9.7 34.1 22.8 7.2 12.3 21.2 62.4 27.6
Human mix 46.2 48.2 4.5 25.5 38.8 35.6 43.2 8.0 9.5 20.2 28.7 28.1
H+GPT mix ( ) 44.8 47.1 7.0 25.0 38.5 38.5 43.5 8.0 18.6 29.1 48.6 33.1

LLaMa-2 7B finetuning experiments ↓

Vanilla LLaMa-2 41.8 46.1 8.0 12.0 32.2 39.3 51.2 15.1 13.3 26.8 - -
H+GPT mix ( ) 49.2 50.5 6.5 37.0 38.6 44.2 52.8 11.9 20.4 33.9 57.3 38.3

Non-LLaMa 7B finetuning experiments ↓

OPT 6.7B 25.0 24.6 7.0 3.0 0.0 28.5 18.8 4.2 0.6 0.9 - -
+H+GPT mix 32.6 33.7 3.0 13.5 30.6 27.9 24.1 3.6 5.2 8.9 25.9 19.6
Pythia 6.9B 25.8 26.2 4.5 3.5 0.0 28.1 25.6 3.6 7.5 13.7 - -
+H+GPT mix 34.8 35.0 4.0 16.0 31.7 29.2 32.8 2.8 14.9 20.9 23.5 22.4

Table D.1: An overview of the performance of all models finetuned for this work, along with proprietary
models, on selected benchmarks. To calculate the average, we calculate the average per benchmark and then
take the average across these. See App. D.4 for more details.
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tuning. We all provide full TruthfulQA results in Table D.3. The results are broken down into % informative

and % truthful - see Lin et al. [2022] for details on these metrics.
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Asian Black Chinese Jewish Latino LGBTQ Ment. Mexican Mid. East Muslim Nat. Amer. Phys. Trans. Women Overall

Proprietary models ↓

GPT-4 6.0 0.0 31.0 0.0 4.0 4.0 14.0 4.0 9.0 5.0 0.0 8.0 3.0 61.0 10.6
ChatGPT 2.0 16.0 33.0 2.0 11.0 27.0 40.0 17.0 16.0 35.0 0.0 78.0 27.0 84.0 27.7

LLaMa 65B models ↓

LLaMa 66.4 99.4 66.2 97.0 86.8 83.6 96.0 90.6 96.0 92.2 100.0 78.6 64.2 78.6 85.4
ShareGPT 0.0 0.0 0.0 0.0 0.0 0.2 2.0 0.0 0.0 0.2 0.0 4.2 1.0 0.8 0.6
Human mix. 39.8 13.0 54.2 7.4 21.6 17.0 49.0 36.2 4.8 8.6 14.0 16.0 13.6 58.4 25.3
H+GPT mix ( ) 0.0 0.0 9.2 0.0 0.0 9.0 25.0 4.6 3.2 1.8 0.0 18.8 9.6 26.2 7.7

LLaMa 30B models ↓

LLaMa 71.2 98.2 72.8 97.4 66.6 79.6 98.6 92.8 96.0 92.0 100.0 86.4 58.4 90.4 85.7
ShareGPT 0.0 0.0 0.0 0.0 0.0 0.2 1.2 0.0 0.0 0.0 0.0 0.0 0.0 0.4 0.1
Human mix. 17.8 45.0 21.0 32.0 72.4 22.0 68.0 72.4 15.6 3.2 12.4 26.4 32.8 41.4 34.5
H+GPT mix ( ) 0.0 0.0 4.4 0.0 1.2 3.0 8.4 0.8 0.6 2.8 0.0 2.2 1.4 17.4 3.0

LLaMa 13B models ↓

LLaMa 39.2 90.6 81.6 85.8 64.6 76.6 98.8 89.0 97.0 97.0 100.0 90.0 67.8 78.6 82.6
SuperNI 56.6 97.2 88.8 87.2 95.8 74.6 45.6 96.6 87.4 39.6 78.2 76.2 79.2 79.2 77.3
CoT 13.8 54.0 37.0 42.8 62.4 59.8 25.0 71.0 32.0 43.6 51.0 21.0 58.8 42.2 43.9
Flan V2 39.8 70.6 39.4 46.0 81.8 59.6 89.0 55.8 55.2 33.2 85.8 56.6 76.0 70.6 61.4
Dolly 99.6 79.8 87.2 93.0 100.0 87.0 53.8 96.2 68.8 60.4 97.2 50.0 73.2 57.8 78.9
Open Assistant 1 0.8 0.0 0.8 0.0 0.0 27.0 11.4 2.8 1.2 1.2 0.6 5.8 20.4 0.4 5.2
Self-Instruct 98.4 99.6 57.8 95.2 89.8 86.6 97.4 96.0 95.4 76.8 100.0 78.8 80.0 97.8 89.3
Unnat. Instruct. 37.6 82.2 55.4 97.4 24.0 38.0 74.8 67.2 40.8 26.0 74.6 47.4 57.0 57.8 55.7
Alpaca 86.8 39.0 94.2 56.2 76.0 61.6 30.2 73.0 59.0 50.2 13.2 56.0 46.2 71.4 58.1
Code-Alpaca 100.0 81.6 98.0 100.0 100.0 96.4 77.8 95.8 87.8 90.6 100.0 75.0 93.6 92.0 92.0
GPT4-Alpaca 0.4 0.0 0.2 0.0 3.8 4.6 1.6 1.4 0.0 0.0 0.0 0.4 3.4 1.0 1.2
Baize 46.2 12.2 83.4 6.6 58.2 47.4 52.6 10.4 20.8 34.2 44.8 47.6 32.2 80.2 41.2
ShareGPT 0.0 0.0 5.4 0.0 0.0 3.2 5.4 0.0 1.6 2.6 0.0 1.6 6.2 9.4 2.5
Human mix. 70.8 92.4 74.4 84.6 92.4 63.2 94.8 71.4 79.8 49.8 98.6 61.2 62.0 80.8 76.9
H+GPT mix ( ) 0.0 0.0 0.0 0.0 0.0 0.6 0.0 0.0 0.0 0.0 0.0 0.0 1.2 0.0 0.1

LLaMa-2 13B models ↓

LLaMa-2 58.8 89.6 88.2 97.8 81.6 71.0 96.4 93.2 92.6 91.4 100.0 91.0 63.8 84.0 85.7
H+GPT mix ( ) 0.0 16.4 3.8 3.8 44.6 22.8 23.0 39.4 5.8 9.0 49.6 14.8 6.4 22.8 18.7

LLaMa 7B models ↓

LLaMa 43.6 94.8 85.4 91.2 96.6 75.4 98.8 91.2 95.0 89.8 100.0 92.8 63.6 77.0 85.4
SuperNI 99.4 98.2 91.8 89.8 92.4 77.0 65.4 93.8 85.0 87.6 87.2 75.8 80.2 70.0 85.3
CoT 77.4 89.0 58.2 55.8 87.8 51.4 68.8 68.2 60.8 57.6 53.8 46.8 43.0 64.0 63.0
Flan V2 54.0 68.6 89.2 92.2 54.4 75.0 80.0 87.8 88.2 83.6 96.6 68.8 69.2 77.6 77.5
Dolly 90.2 90.6 83.8 98.8 94.0 82.4 66.6 93.0 56.0 41.2 1.2 55.8 68.2 88.0 72.1
Open Assistant 1 8.0 17.6 53.8 95.2 12.2 40.8 33.6 55.6 27.2 22.6 35.4 45.0 29.2 72.0 39.2
Self-Instruct 100.0 94.8 73.4 88.4 88.0 89.6 75.4 95.8 91.2 76.4 98.6 87.8 86.8 99.4 89.0
Unnat. Instruct. 4.0 13.0 25.8 81.4 8.2 29.4 89.8 9.8 14.2 12.4 55.6 19.6 75.0 62.4 35.8
Alpaca 97.0 40.8 97.2 79.8 51.4 69.6 48.2 67.6 54.0 57.2 37.4 57.4 45.4 81.2 63.2
Code-Alpaca 98.6 80.2 99.2 100.0 91.6 88.8 60.8 99.4 83.0 69.8 66.8 79.6 72.8 90.0 84.3
GPT4-Alpaca 6.8 0.4 14.6 2.0 0.0 6.2 2.2 3.2 0.8 2.2 0.0 3.8 2.6 9.8 3.9
Baize 99.8 57.8 89.4 95.2 81.6 81.0 78.6 47.2 66.2 68.6 86.4 65.0 66.6 97.6 77.2
ShareGPT 0.0 0.0 12.0 0.0 0.8 5.4 1.0 0.4 0.6 3.6 0.4 21.6 5.6 26.0 5.5
Human mix. 20.4 74.6 54.4 61.6 53.4 40.4 63.0 68.0 55.2 44.6 50.4 38.8 24.4 76.0 51.8
H+GPT mix ( ) 0.2 0.8 3.6 0.4 0.0 1.8 26.4 2.8 0.2 3.2 75.6 15.0 0.0 18.4 10.6

LLaMa-2 13B models ↓

LLaMa-2 51.0 96.8 86.8 28.4 32.6 78.6 95.4 92.2 93.8 88.6 94.4 90.4 85.2 68.6 77.3
H+GPT mix ( ) 21.8 59.0 71.0 18.4 23.2 15.4 74.2 60.8 39.2 3.6 45.2 21.0 14.6 90.8 39.9

Non-LLaMa 7B models ↓

OPT 52.8 96.6 74.8 85.6 77.6 71.6 97.6 96.4 94.8 91.4 97.6 93.6 68.8 67.2 83.3
+ H+GPT mix 63.6 83.0 68.2 48.2 21.8 39.2 54.4 43.8 43.4 28.6 73.2 72.2 35.8 75.6 53.6
Pythia 82.2 99.6 70.6 75.0 85.6 65.8 97.6 93.8 94.2 84.4 98.6 88.4 67.2 54.2 82.7
+ H+GPT mix 37.4 72.4 94.6 58.4 54.6 36.8 78.8 47.2 55.4 43.8 39.4 68.4 37.2 72.4 56.9

Table D.2: ToxiGen results across models. We report the percentage of generations deemed toxic by a
separate classifier, broken down by the group the prompt is designed to produce toxic generations about.
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% Informative % Truthful % Informative
and Truthful

Proprietary models ↓

GPT-4 99.5 82.7 82.3
ChatGPT 96.0 79.2 75.2

LLaMa 65B models ↓

Vanilla LLaMa 85.8 45.2 31.2
ShareGPT 86.8 76.6 63.5
Human mix 98.0 42.2 40.4
H+GPT mix ( ) 90.5 58.3 48.7

LLaMa 30B models ↓

Vanilla LLaMa 92.0 35.7 28.3
ShareGPT 71.0 81.4 52.5
Human mix 98.2 43.2 41.5
H+GPT mix ( ) 92.8 53.2 46.0

LLaMa 13B models ↓

Vanilla LLaMa 95.1 30.8 26.2
SuperNI 96.8 27.8 25.1
CoT 92.7 41.6 35.5
Flan V2 91.2 42.1 33.4
Dolly 98.8 34.1 32.9
Open Assistant 1 91.3 57.2 48.6
ShareGPT 91.2 68.5 60.0
Self-instruct 93.4 28.8 22.4
Unnat. Instruct. 84.6 46.9 31.7
Alpaca 99.9 39.9 39.8
Code-Alpaca 98.9 27.5 26.7
GPT4-Alpaca 87.5 69.0 56.7
Baize 87.9 56.1 43.9
Human mix. 98.4 33.3 32.1
H+GPT mix ( ) 94.6 47.0 41.6

LLaMa-2 13B models ↓

Vanilla LLaMa 2 99.0 32.1 31.1
H+GPT mix ( ) 96.7 48.3 45.3

LLaMa 7B models ↓

Vanilla LLaMa 96.7 26.4 23.6
SuperNI 98.0 28.4 26.7
CoT 93.5 40.3 35.1
Flan V2 96.1 36.1 33.2
Dolly 98.5 31.5 30.1
Open Assistant 1 92.0 48.5 40.9
ShareGPT 76.4 68.5 45.3
Self-instruct 96.5 25.5 22.4
Unnat. Instruct. 89.8 37.0 27.3
Alpaca 98.8 34.8 33.5
Code-Alpaca 99.1 25.9 25.1
GPT4-Alpaca 84.2 66.7 51.2
Baize 88.5 53.7 42.4
Human mix 97.7 36.2 34.1
H+GPT mix ( ) 98.2 46.3 44.6

LLaMa-2 7B models ↓

Vanilla LLaMa 2 93.0 33.4 26.7
H+GPT mix ( ) 97.7 43.2 40.0

Table D.3: TruthfulQA results across models. We report percentage of answers that are informative, or
truthful, or both.

195



D.5 Human Evaluation Details

D.5.1 Setup

Here we provide more details for the human evaluation described in §5.4.3. Our evaluation contains 332

instructions, including 252 instructions from the Self-Instruct evaluation set [Wang et al., 2022a] and 80

instructions from the Vicuna evaluation set [Chiang et al., 2023]. Our evaluation is conducted for three pairs

of models: 1) TÜLU 65B vs ChatGPT, 2) TÜLU 65B vs TÜLU 7B, 3) TÜLU 65B v.s. a 65B LLAMA model

trained on the Human data mixture, using the same set of instructions for all three comparisons.

To ensure reliable evaluation, we recruited 18 expert annotators, which are researchers at AI2 or students

at UW, for the annotation. All these annotators are fluent English speakers and hold bachelor’s degrees or

above.

We design a website, shown in Figure D.1, for our annotators to conduct the evaluation, and we will

release the code for this website. When doing the evaluation, annotators are instructed to read carefully the

prompt and outputs A and B from two models, and then answer three questions asking for the acceptance of

the outputs and their comparison in terms of helpfulness. They are encouraged to use Google or any external

tools that can help with the judgment. The model information is anonymized, and their outputs are put in

random order.

D.5.2 Inter-Annotator Agreement

We measure the agreement of our annotators on a subset of 119 examples (63 instances randomly sampled

from the ChatGPT3 vs TÜLU 65B comparison, and 59 instances randomly sampled from the TÜLU 65B vs

TÜLU 7B comparison). We assign two annotators for each of these examples and compute their agreement

for both the acceptance evaluation and pairwise comparison evaluation. The annotators achieve an agreement

of 0.84 for whether a model output should be accepted or not. For the pairwise comparison, following Zhou

et al. [2023a], we report a tie-discounted accuracy, which assigns one point if both annotators agreed, half a

point if either annotator (but not both) labeled a tie, and zero point otherwise. We also merged “clearly better”

and “slightly better” together, so our final options will be simply comparing which of A and B is better, or a

tie. Our annotators achieved an agreement of 0.72 for this pairwise comparison.
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Figure D.1: The website interface for our human evaluation (see App. D.5 for details). Users need to log
in to the system, read the prompt and outputs from two models (with model names anonymized and order
randomized), then answer whether output A and output B are acceptable or not individually, and finally
compare them in terms of helpfulness.

Although these numbers show reasonable agreement, we also note that there is a large extent of subjectivity

in human evaluation. This noise level also indicates that some prior work [Chiang et al., 2023; Zheng et al.,

2023b] that uses a small number of examples for human evaluation might not be reliable enough. We

suggest that the community needs to further improve the reliability and scalability of human evaluation for

instruction-following models.

197



D.6 Further Investigation of Figure 5.2

To further investigate the degree to which the number of unique tokens is being used by GPT-4 as a marker of

quality, we created a dummy evaluator that compares two model outputs, and assigns a win to the output

with more unique tokens. We plot the win-rate calculated using this dummy evaluator against the win-rate

calculated using GPT-4 in Figure D.2.

We find that while the dummy evaluator generally over-estimates the win-rate, the trend is still strikingly

linear. We note that the R2 for the trendline is .91, suggesting that the unique token count explains a large

proportion of the variance in the win rates. Based on this, we believe that the number of unique tokens is

certainly a key preference that GPT-4 cares about in its evaluation, although it is still not the only important

feature.
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Figure D.2: Win-rate scores of all models judged by the dummy evaluator against win-rate of all models
using the GPT-4 evaluator.

D.7 Model Licenses

We provide brief information about the licenses of the underlying models we make use of in this work below.

– LLAMA: The LLAMA model weights are released under a custom license that allows using the model
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for non-commercial research purposes.

– LLAMA-2: The LLAMA-2 model weights are released under a custom license that allows for

commercial and research uses with some limitations (e.g., having less than 700 million monthly active

users if used in a commercial application), and explicitly allows for redistribution of the weights.

– Pythia: The Pythia weights are released under the Apache-2.0 license.

– OPT: The OPT model weights are released under a custom license that allow only using the model for

non-commercial research purposes.
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