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Abstract

Towards Large Language Models for Everyone:

Instruction Following, Knowledge Retrieval and Multilingualism

Xi Victoria Lin

Chair of the Supervisory Committee:

Professor Luke Zettlemoyer

Computer Science and Engineering

Large language models (LLMs) have significantly advanced the field of Natural Language Processing

and demonstrated the potential to fuel a variety of AI applications. Nonetheless, building them in a way that

maximally benefits the very wide range of everyday use cases is challenging. Firstly, LLMs are pre-trained

with the next-token prediction objective, which does not align well with specific user requests. Secondly,

LLMs suffer from knowledge cut-off and tend to hallucinate about long-tail facts. Lastly, popular LLMs are

trained on almost exclusively English text, making it difficult for non-English speakers to adopt them.

This thesis presents methodologies addressing all three challenges. We begin by studying the Instruction

Meta-Learning (IML) approach, enabling LLMs to perform an array of tasks by fine-tuning them over

pairs of natural language instructions and responses. Our study highlights the efficacy of scaling IML

along three axes: fine-tuning task diversity, language diversity and model parameters. Next, we propose

integrating LLMs with an external data store during IML (retrieval-augmented dual instruction tuning, RA-

DIT). RA-DIT significantly improves LLM performance in scenarios that require access to large, external

knowledge sources (e.g., answering information-seeking questions). Finally, we introduce a family of cross-

lingual generative language models (XGLMs) pre-trained on a multilingual corpus exhibiting a heavy-tailed

distribution. XGLMs demonstrate enhanced cross-lingual capabilities and few-shot generalization across

medium- and low-resource languages. Together, these research strands provide core strategies for advancing



the boundaries of LLM capabilities and paving the way towards real-world deployment.
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Chapter 1

Introduction

Large language models (LLMs) are transformer-based [Vaswani et al., 2017] architectures with billions of

parameters pre-trained over tremendous amount of unlabeled data. They have shown substantial promise as

general-purpose, multi-task learners [Bommasani et al., 2021], and have fueled successful products such as

ChatGPT1, Meta AI2 and Google Bard3. This thesis tackles three key challenges in enhancing the usability

of pre-trained LLMs by proposing methodologies that enable them to follow natural language instructions,

access external knowledge and process input in different languages.

1.1 The Rise of Large Language Models

Contextualized language pre-training was introduced by the pioneering work of McCann et al. [2017], Peters

et al. [2018] and Devlin et al. [2019]. These early work adopt an encoder-only network architecture, leaving

practitioners to separately fine-tune prediction gates or a decoder for various downstream tasks. Raffel et al.

[2020] and Lewis et al. [2020a] further extended this paradigm to pre-traing sequence-to-sequence architec-

tures. Meanwhile, GPT [Radford and Narasimhan, 2018] and GPT-2 [Radford et al., 2021] demonstrated

the potential for simple autoregressive language models trained with the next-token prediction objective to

function as end-to-end multi-task learners. For example, given the question “Who wrote the book the origin

of species?” as the prompt, the model generates “Charles Darwin” as the response. GPT-3 [Brown et al.,

1https://chat.openai.com/auth/login
2https://www.facebook.com/help/messenger-app
3https://bard.google.com
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2020] further showcased the power of scaling language model pre-training along two dimensions: the model

size and the amount of pre-training data. With 175 billion parameters trained over 300 billion English to-

kens, the model acquired many “emergent capabilities”, including being able to follow few-shot examples

formatted with textual templates to perform new tasks [Min et al., 2022b].

Subsequent work has further improved LLMs by scaling up both model size and pre-training data [Chowd-

hery et al., 2022; Touvron et al., 2023a,b; Hoffmann et al., 2022]. However, scaling LLM pre-training is

extremely costly, and to date, has only been done by a small number of organizations. While some of the

most powerful LLMs are proprietary, the capabilities of open-sourced LLMs have consistently risen thanks

to investments from multiple institutions. The work in this thesis are based on strong open-sourced LLMs

such as OPT [Zhang et al., 2022] and Llama [Touvron et al., 2023a]. Additionally, we introduce two new

LLMs: the instructable LLM (OPT-IML), presented in Chapter 2, and the multilingual LLM (XGLM),

introduced in Chapter 4.

1.2 The Alignment Problem

While pre-trained LLMs are capable of multi-tasking in both zero- and few-shot settings [Brown et al.,

2020], their performance is extremely sensitive to the prompt formulation [Gao et al., 2021; Liu et al., 2023].

Moreover, the self-supervised learning objective, which focuses on predicting the next token, inherently

results in pre-trained LLMs being particularly good at completing sentences. As a result, they are unable to

directly respond to most user requests specified in natural language (Figure 1.1). To address this problem,

several concurrent work [Mishra et al., 2022; Wei et al., 2022b; Sanh et al., 2022] introduced instruction-

tuning, an approach that fine-tunes LLMs using a collection of tasks expressed via instruction and ground-

truth response pairs. This improves their problem-solving abilities when provided with a task description in

natural language. The resulting LLMs, commonly referred to as instructable LLMs, demonstrated significant

performance improvement following instructions in a zero-shot manner. This enhancement in usability made

these models much more practical and useful for a wide range of applications.

Initial scaling-law curves from these studies suggest the potential for improved cross-task generalization

through further scaling of both model size and task diversity. We therefore pose the following research

question – can we enable an LLM to follow instructions to solve common natural language processing
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Figure 1.1: Pre-trained LLMs without instruction tuning tend to complete any input. Instruction tuning en-
ables the model to generate content in response to the input specification (output generated using ChatGPT).

(NLP) tasks by fine-tuning it over a massive instruction dataset with high diversity? We consider NLP

tasks that belong to a broad taxonomy, including lexical tasks (e.g. word analogy), syntactic tasks (e.g. part-

of-speech tagging), semantic tasks (e.g. textual entailment) and common NLP applications (e.g. question

answering, summarization and hate speech detection). Each level of the taxonomy includes more fine-

grained task categories (with examples provided in parentheses). We use these tasks as the test bed to

examine the generalization capabilities of instruction-tuned LLMs.4

To maximize the task and language diversity in our instruction tuning data, we compiled up to 2,000

NLP datasets from 8 instruction-tuning benchmarks previously released by the community (Table 2.1). In

order to systematically evaluate the generalization capability of LLMs, we split the task collection into a

training set and three evaluation sets designed to test three types of model generalization:

• to unseen task categories (new instructions, new tasks, in- and out-of-domain examples);

• to unseen datasets from the same task category (new instructions, seen tasks, in- and out-of-domain

examples);

• to unseen examples from the same dataset (seen instructions, in-domain examples).

We fine-tuned OPT [Zhang et al., 2022] with 30B and 175B parameters on the training split of our

benchmark, after carefully re-balancing the training data across multiple attributes such as task categories

and annotation sources. We dubded the resulting LLMs OPT-IML (OPT with instruction meta learning),

4 Wang et al. [2022b] first introduced Super-NaturalInstructions, an instruction-tuning dataset consisting of 1,600+ NLP tasks.
However, it only experimented with the encoder-decoder based T5 LMs [Raffel et al., 2020] of up to 13B parameters, and the
instruction data were all taken from the same human annotation pipeline. Chung et al. [2022b] is the most closely related to our
work. Our projects were initiated around the same time.
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and the corresponding meta benchmark as OPT-IML Bench. Our experiments demonstrated the efficacy

of developing instructable NLP task solvers by fine-tuning LLMs over a large and diverse instruction

dataset. First, OPT-IML performs strongly when evaluated on unseen examples from a dataset included

in the fine-tuning data. For example, OPT-IML-30B achieves > 0.85 ROUGE-L F1 metrics on SQuAD

v1 [Rajpurkar et al., 2016], even though the fine-tuning data contains 1,500+ other datasets, and the model

is effectively trained on only a small number of SQuAD v1 examples. This suggests that increasing the

LLM size and engaging in extensive pre-training can effectively mitigate the task interference problem often

observed in smaller multi-task models [McCann et al., 2018a], resulting in performance on par with state-

of-the-art supervised learning models. Second, OPT-IML demonstrates strong generalization abilities over

unseen instructions, both across different datasets and task categories. OPT-IML significantly improves over

its base pre-trained model at both 30B and 175B scales on four different benchmarks: PromptSource [Sanh

et al., 2022], FLAN [Wei et al., 2022b], Super-NaturalInstructions [Wang et al., 2022b], and UnifiedSKG

[Xie et al., 2022]. Additionally, the OPT-IML models also perform competitively in comparison with each

of the prior models individually tuned on these benchmarks in both zero and few-shot performance (§2.7).

We further ask the research question – what are the important factors that impact the effectiveness of

instruction-tuning? Using our evaluation framework that considers multiple levels of generalization, we

characterize the tradeoffs relating to different factors when scaling up instruction-tuning to the aggregate

of 8 different benchmarks. We outline the tradeoffs of dataset and benchmark sampling strategies during

tuning, the scaling laws with respect to tasks and categories, the effects of incorporating task demonstrations

into instruction-tuning based on Min et al. [2022a], as well as instruction-tuning with specialized datasets

that contain reasoning chains [Wei et al., 2022c] and dialogue. These experiments establish best practices

for large-scale instruction-tuning of LLMs (§2.4).

While OPT-IML demonstrate a significant multi-tasking capability jump compared to its base model,

we still observe model weaknesses similar to those observed in smaller multi-task learning models. For ex-

ample, when evaluating on unseen instructions, the model performs better on instructions and tasks similar

to those in the fine-tuning set. Adding more dissimilar instructions to the training set can hurt the perfor-

mance. This highlights the importance of future research on multi-task learning and continuous learning

using LLMs.

24



Figure 1.2: Non-parametric memory enables LLMs to solve a broader range of tasks, especially those
requiring access to long-tail and private knowledge.

Two months prior to the publication of our work, Chung et al. [2022b] published FLAN-PaLM and

FLAN-T5 along similar lines. FLAN-PaLM and FLAN-T5 achieve impressive gains on the challenging

benchmarks of MMLU [Hendrycks et al., 2021a] and Big-Bench Hard [Suzgun et al., 2023] by instruction-

tuning PaLM [Chowdhery et al., 2022] and T5 [Raffel et al., 2020] on a scaled-up collection of 1,800+ tasks.

OPT-IML trained under similar settings still underperforms in comparison on these challenging benchmarks.

In subsequent experiments, we determined that the primary factor contributing to the performance discrep-

ancy between OPT-IML and FLAN-PalM is the inadequate training of the base LLM. The comparison with

FLAN-T5, apart from differences in training data size, can also be attributed to architectural disparities

between autoregressive LLMs and T5 [Artetxe et al., 2022b]. We believe that the insights gained from

the experiments, particularly with regards to the importance of adequate pre-training, will be valuable for

guiding future research in this area.

1.3 Retrieval Augmentation

Although LLMs post-alignment demonstrate strong instruction-following capabilities and are useful for var-

ious tasks, they suffer from the knowledge cutoff problem and cannot solve problems requiring knowledge

beyond their pre-training cutoff date. Additionally, LLMs struggle with modeling long-tail knowledge and

are inaccurate within this range. Retrieval augmentation (RA) enables LLMs to incorporate external knowl-

edge for problem-solving by integrating them with non-parametric information retrieval (Figure 1.2) [Guu

et al., 2020; Borgeaud et al., 2022; Shi et al., 2023b].
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Previous work has applied retrieval augmentation to different language model architectures and in dif-

ferent model training stages. REALM [Guu et al., 2020] (encoder-only) and RETRO [Borgeaud et al., 2022]

(autoregressive) opt for end-to-end pre-training, incorporating the retrieval component from the outset. At-

las [Izacard et al., 2022b] builds upon T5 [Raffel et al., 2020] with Fusion-in-Decoder [Izacard and Grave,

2021] modifications, and continuosly pre-trains the framework over unsupervised text. REPLUG [Shi et al.,

2023b] and In-Context RALM [Ram et al., 2023] directly combine off-the-shelf LLMs and retrievers, show-

ing that LLMs and retrievers, even when optimized independently, can be effectively fused through the

emergent in-context learning capbabilities of LLMs.

However, incorporating retrieval during LLM pre-training significantly increases the system complex-

ity and training cost, and the off-the-shelf fusion approach also has limitations, particularly as the LLMs

are not inherently trained to incorporate retrieved content. Given fine-tuning is much cost-effective than

pre-training, we pose the research question – is it possible to introduce retrieval augmentation during the

LLM alignment stage while adapting the LLM to downstream tasks? To this end, we propose Retrieval-

Augmented Dual Instruction Tuning (RA-DIT), an approach that retrofits any LLM with retrieval capabili-

ties via fine-tuning over a set of tasks selected to cultivate knowledge utilization and contextual awareness

in the LM prediction.

The RA-DIT approach consists of two separate instruction tuning steps. For language model fine-tuning,

we augment each fine-tuning prompt with a retrieved “background” field prepended to the instructions and

fine-tune the LM using the label-loss objective [Chung et al., 2022b; Iyer et al., 2022]. By incorporating

the background text during fine-tuning, we guide the LLM to optimally utilize the retrieved information

and ignore distracting content [Shi et al., 2023a]. For retriever fine-tuning, we update the retriever using a

generalized language-model-supervised retrieval objective [LSR, Shi et al., 2023b]. This way, we enable the

retriever to yield more contextually relevant results, aligned with the preferences of the LLM. During infer-

ence, following [Shi et al., 2023b], we retrieve relevant text chunks based on the language model prompt.

Each retrieved chunk is prepended to the prompt and the predictions from multiple chunks are computed in

parallel and ensembled to produce the final output.

We demonstrate that each fine-tuning step leads to significant performance gains, and the fine-tuned

LLM and retriever can be combined to achieve further improvements. We initialize the framework us-
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ing pre-trained LLAMA [Touvron et al., 2023a] and a state-of-the-art dual-encoder based dense retriever,

DRAGON+ [Lin et al., 2023a]. Our largest model, RA-DIT 65B, attains state-of-the-art performance in

zero- and few-shot settings on knowledge intensive benchmarks, notably surpassing the un-tuned in-context

RALM approach on datasets including MMLU [Hendrycks et al., 2021a] (+8.2% 0-shot; +0.7% 5-shot) and

Natural Questions [Kwiatkowski et al., 2019] (+22% 0-shot; +3.8% 5-shot). RA-DIT 65B also substantially

outperforms ATLAS 11B on eight knowledge-intensive tasks (+7.2% on average in the 64-shot fine-tuning

setting). This suggests that language models and retrievers, when optimized independently and then fused

through instruction-tuning, can compete effectively with RALMs that have undergone extensive continuous

pre-training.

We further conducted a comprehensive model analysis, demonstrating the effectiveness of our approach

across LLMs of varying sizes (7B, 13B and 65B). On average, smaller LLMs exhibited significantly larger

relative performance improvements. Additionally, for simpler single-hop information retrieval tasks, both

the 7B and 65B Llama models performed comparably with retrieval augmentation. However, in more com-

plex tasks such as multi-hop question answering, retrieval augmentation failed to bridge the gap between

smaller and larger LLMs, suggesting that parameter scaling confers unique capabilities to the model that

cannot be replicated solely through non-parametric memory, as implemented in our approach.

We also found the retrieval component to be a fragile part of the framework, as the retriever frequently

made errors and returned noisy text chunks (post fine-tuning). Through qualitative error analysis, a signifi-

cant portion of our model’s performance improvement can be attributed to its ability to effectively disregard

irrelevant retrieval content, outperforming an LLM baseline fine-tuned with conventional instruction tun-

ing methods. This observation highlights the importance of developing more robust and accurate retrieval

mechanisms to further enhance the performance of retrieval-augmented language models. Additionally, we

investigated the impact of different retrieval strategies on the overall performance, such as using different

search algorithms or adjusting the number of retrieved documents. Our findings suggest that careful selec-

tion and optimization of the retrieval strategy can significantly contribute to the success of the approach.
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1.4 Multilingualism

LLMs are impressive multi-task learners and can be used to solve a wide range of tasks. However, their pre-

training data is predominantly English, making it difficult for non-English speakers to benefit from them.

Although the training data of GPT-3 [Brown et al., 2020] contains a small percentage of non-English text

(7%) allowing it to achieve some promising cross-lingual generalization, the model is almost exclusively

deployed for use cases in English. Multilingual masked and sequence-to-sequence language models have

been studied, including mBERT, XLM-R, mT5, and mBART Devlin et al. [2019]; Conneau et al. [2020];

Xue et al. [2021]; Liu et al. [2020]. These models are typically fine-tuned on large amount of labeled

data in downstream tasks. In comparison, multilingualism for autoregressive LLMs is less well understood.

This presents a significant challenge for developing LLMs that can effectively serve users across different

languages and regions. Addressing this issue is crucial for ensuring that the benefits of LLM technology are

accessible to a broader population and not limited to English speakers.

We pose the following research questions – can we train a multilingual LLM that performs competi-

tively against state-of-the-art English LLMs while demonstrating strong multilingual and cross-lingual

capabilities, particularly in medium- and low-resource languages? To address this, we train four mul-

tilingual generative language models (up to 7.5 billion parameters), dubbed XGLM’s, and conducted a

comprehensive study of multilingual zero- and in-context few-shot learning. We train the models using a

large-scale corpus of 500 billion tokens comprising 30 diverse languages, upsampling the less-resourced

languages to render a more balanced language representation.

We evaluate XGLMs on multiple multilingual natural language understanding (NLU) tasks, machine

translation and a subset of English tasks demonstrated in [Brown et al., 2020]. The models demonstrate

strong cross-lingual capabilities, with competitive zero- and few-shot learning performance when using En-

glish prompts alongside non-English examples. Our largest model (XGLM 7.5B) achieves strong zero- and

few-shot learning performance on language completion and inference tasks, such as XStoryCloze (65.4% 0-

shot, 66.5% 4-shot) and XNLI (46.3% 0-shot, 47.3% 4-shot). Additionally, it established a new state-of-the-

art on few-shot machine translation across numerous language pairs in the FLORES-101 benchmark Goyal

et al. [2022], significantly outperforming the GPT-3 model of comparable size (6.7 billion parameters).

However, we found that multilingual pre-training leads to performance drop on English. On 8 En-
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glish natural language understanding tasks, XGLM 7.5B underperforms GPT-3 6.7B by an average of

10.9% in zero-shot learning. GPT-3 6.7B also outperforms XGLM 7.5B in machine translation on several

high-resource language pairs, including WMT-14 English-French, WMT-16 English-German, and WMT-

19 English-Chinese. There are multiple reasons why XGLM 7.5B underperforms English centric models

on the English tasks. First, only 32.6% of XGLM 7.5B’s 500B-token training data is English while both

English-centric models are trained on close to 300B English tokens. Second, the model capacity of XGLM

7.5B is shared by 30 languages, and the “curse of multilinguality” can degrade the performance across all

languages [Conneau et al., 2020]. We hypothesize that further scaling up the model capacity and training

data can potentially close this gap.

We conduct an in-depth analysis of different multilingual prompting approaches and examine cross-

lingual transfer through template and demonstration examples respectively. Our findings reveal that non-

English templates sometimes yield unexpected low zero- and few-shot learning accuracy even when crafted

by native speakers. However, using English templates or adding demonstration examples proved to be effec-

tive remedies. Interestingly, we found that using demonstration examples from another language often fails

to further improve zero-shot learning performance when a strong prompting language like English is used.

This suggests room for improvement in both cross-lingual pre-training and in-context transfer approaches.

Our analysis highlights the importance of carefully selecting prompting languages and demonstration ex-

amples to optimize cross-lingual transfer and performance. By understanding these factors, we can develop

more effective strategies for improving the multilingual capabilities of LLMs and ensuring their applicability

across diverse language contexts.

1.5 Summary

In summary, this thesis focuses on addressing the challenges faced in building LLMs that can cater to a

wide range of everyday use cases. The three main challenges include misalignment with user requests,

external and tail-range knowledge access issues, and the predominance of English language in widely used

LLMs. To tackle these challenges, we present methodologies based on instruction meta-learning (IML),

retrieval-augmented dual instruction tuning (RA-DIT), and cross-lingual generative language pre-training

(XGLMs). These approaches aim to enhance LLM capabilities by scaling IML along task and language
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diversities, integrating external knowledge sources, and improving cross-lingual performance for medium-

and low-resource languages. Together, these strategies pave the way for real-world deployment of advanced

LLMs, enabling them to better serve diverse user needs.
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Chapter 2

Instruction Meta-Learning

Pre-trained LLMs are not aligned to directly respond to user instructions in a manner similar to human

communication. Early work adopt in-context learning and prompt engineering techniques when applying

LLMs to downstream tasks [Brown et al., 2020]. As a result, the LLM discerns the task semantics during

test time through demonstration examples or prompts that bear resemblance to the text that appears in

the pre-training corpus. Instruction Meta-Learning (aka. instruction-tuning), the approach that fine-tunes

LLMs using a collection of tasks described via instructions, was introduced to improve the problem-solving

abilities of LLMs when provided solely with a natural language problem description [Mishra et al., 2022;

Wei et al., 2022b; Sanh et al., 2022]. Early studies in this area underscore the potential of increasing the

model size and diversifying the fine-tuning tasks. Following this hypothesis, we execute an extreme scaling

of the amount of fine-tuning tasks to assess the LLM’s ability to concurrently learn a multitude of tasks and

to generalize to new tasks via natural language [Iyer et al., 2022].

In this chapter1, we first introduce OPT-IML Bench, a large benchmark for Instruction Meta-Learning

(IML) consisting of 1,991 NLP tasks consolidated into task categories from 8 existing benchmarks. Then

we present the experiments comparing different fine-tuning data sampling strategies, and also detail the

scaling laws with respect to tasks and categories. Informed by the insights obtained from our ablation

experiments, we applied instruction tuning to OPT models [Zhang et al., 2022] at 30B and 175B parame-

ters, subsequently designating the resulting model as OPT-IML. On four different instruction-tuning bench-

1The work in this chapter was conducted at Meta AI, in collaboration with Srini Iyer∗, Ram Pasunuru∗, Todor Mihaylov, Tianlu
Wang, Daniel Simig, Veslin Stoyanov†, Luke Zettlemoyer† and others [Iyer et al., 2022]. (∗co-first authors, †research leadership)
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Figure 2.1: OPT-IML is fine-tuned on a large collection of 1500+ NLP tasks divided into task categories
(left hand side). Each category contains multiple related tasks, as well as multiple prompts for the same
task (e.g. IMDB), aggregated from multiple benchmarks. We evaluate OPT-IML on a set of evaluation
categories (right hand-side) which can be disjoint, partially overlap or fully-overlap with the categories used
for tuning, corresponding to evaluating model generalization to tasks from fully held-out categories, to tasks
from categories seen during training, and to instances from tasks seen during training.

marks: PromptSource [Bach et al., 2022], FLAN [Wei et al., 2022b], Super-NaturalInstructions [Wang et al.,

2022b], and UnifiedSKG [Xie et al., 2022], OPT-IML significantly surpassed the performance of previously

instruction-tuned models that were specifically optimized for each benchmark in the majority of the set-

tings. On complex reasoning benchmarks including MMLU [Hendrycks et al., 2021a] and Big-Bench Hard

[Chung et al., 2022b], OPT-IML demonstrates competitive performance, but trails behind the state-of-the-

art such as FLAN-T5 11B [Chung et al., 2022b] and OpenAI text-davinci-003. We discuss possible

causes of the performance disparity and propose possible strategies for enhancement.
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2.1 OPT-IML Bench

We expand the Super-NaturalInstructions benchmark of 1600+ tasks by Wang et al. [2022b] with the task

collections from multiple existing work on instruction-tuning: FLAN [Chung et al., 2022b], T0 [Bach et al.,

2022]; prompt crowdsourcing: PromptSource [Bach et al., 2022]; cross-task transfer studies: ExMix [Aribandi

et al., 2022], T5 [Raffel et al., 2020], CrossFit [Ye et al., 2021]; and domain-specific task consolidation:

Structured Knowledge Grounding [Xie et al., 2022], Dialogue [Shuster et al., 2022] and Chain-of-thought

Reasoning [Chung et al., 2022b]. We found significant overlap between the datasets included in these

benchmarks. For example, popular datasets such as SQuAD [Rajpurkar et al., 2016, 2018] appear in almost

all benchmarks. In addition, while Super-NaturalInstructions, PromptSource, FLAN and Chain-of-thought

Reasoning contain long-form human-authored instructions or reasoning chains, the rest of the benchmarks

are designed for multi-task learning and the prompt templates often only consist of short task prefixes (e.g.

“question:”, “label:”). As a result, we only kept tasks from the CrossFit, ExMix and T5 collections that do

not appear in any other benchmarks. We randomly take maximally 100k examples per task from all bench-

marks except FLAN, where we take maximally 30k examples per task following the same practice as Wei

et al. [2022b].

Benchmark Instruct.
type

#
clusters

#
tasks

# total
examples

Avg. #
prompts / task

prompt length
mean std

Super-NaturalInstructions task inst. 76 1613 12.4M 1.0 287 882
PromptSource instance inst. 51 280 12.8M 5.7 179 222
CrossFit keywords 32 159 7.1M 1.0 117 258
FLAN instance inst. 12 70 4.4M 8.5 193 375
ExMix keywords 10 14 0.5M 1.0 132 191
T5 keywords 9 36 1.9M 1.0 111 167
UnifiedSKG keywords 7 21 0.8M 1.0 444 297
Reasoning task inst. 1 14 0.4M 1.0 146 122
OPT-IML Bench (train) mixed 93† 1,545 17.9M 1.7 261 631
OPT-IML Bench (dev) mixed 7 35 145K 2.9 – –
OPT-IML Bench (test) mixed 10 87 321K 4.6 – –

Table 2.1: The statistics of each existing benchmark is calculated using the original data we downloaded.
The statistics of OPT-IML Bench is calculated using the data after we performed task filtering and taking a
maximum of M examples per tasks. †The estimation of the number of task clusters in our train set is based
on a coarse union of the clustering tags from each original benchmark.
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Train, validation and test splits. We split the collection of tasks in a way that allows us to perform

massive instruction fine-tuning and evaluate the resulting model with respect to three levels of generalization.

First, we hold out several task categories to evaluate model generalization to new categories of tasks. Second,

we select a subset of the remaining categories as partially held-out categories. We divide the datasets in these

categories into train and evaluation and use them to test model generalization to new datasets from seen task

categories. 2 Finally, for a subset of the training tasks, we hold out the validation and test sets from the

original data release, and use them to test model generalization in the standard multi-task learning setting,

i.e. new examples from seen tasks. We reserve 35 evaluation tasks spanning 9 task categories from the

evaluation tasks as the validation set, and use them to characterize the tradeoffs of different instruction-

tuning strategies.

Task de-duplication. We make sure that the train and evaluation tasks do not overlap on the data source

they were created from, to prevent leakage3, following the practice of Wang et al. [2022b]. For each pair

of train and eval tasks, we compute the fraction of examples that have any 13-gram overlap between the

instantiated sequences from those examples. We manually examine every pair where more than 1% of the

eval set overlaps with the training set (∼14,000 pairs) to confirm whether tuning on the train task can unfairly

benefit the eval task, and decide either to remove the train or the eval task in confirmed cases. The task pairs

that share a broad contextual resource such as Wikipedia but otherwise contain unrelated output labels are

retained. Table 2.1 shows the statistics of our task splits.

2.2 Approach

To fine-tune the OPT models, we separate the training sequence into a source (context) sequence and a

target (answer) sequence and only include loss terms from the tokens in the target sequence. We refer to this

method of loss calculation as "label-loss". We treat the task instructions and inputs as source tokens and the

label tokens as target tokens. Formally, for a fine-tuning dataset D comprising source instances si and their

corresponding target tokens ti = {tij}, we fine-tune the pre-trained auto-regressive LM with parameters θ

2We select the fully and partially held-out categories by largely staying consistent with previous instruction fine-tuning
work [Wang et al., 2022b; Wei et al., 2022b; Sanh et al., 2022] to allow direct comparison.

3This condition is maintained for our partially held-out evaluation tasks as well.
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to minimize the following loss over the target tokens conditioned on the source tokens.

L(D; θ) = −
∑
i

∑
j

log pθ(tij |si, ti,<j) (2.1)

We minimize this loss across all training examples in OPT-IML Bench after mixing examples from

different datasets. The mixing is done based on the sizes of the datasets and the proportions allocated to the

benchmarks they originate from.

Packing and document attention. To boost computational efficiency, we pack multiple examples (source

and target) together as a sequence of 2048 tokens [Raffel et al., 2020], separated by <eos> tokens. One

consequence of packing is that the tokens belonging to one example can attend to tokens from previously

packed examples in the same sequence. We modify the token attention mask in auto-regressive LMs to attend

only to the tokens that are part of the same example, rather than all the previous tokens in the sequence. This

changes the attention mask from a triangular to a block triangular mask and improves both stability and

performance in our experiments.

2.3 Experimental Setup

Fine-tuning Hyperparameters. We fine-tune all 30B models on 64 40GB A100s, and 175B models on

128 40GB A100s. Following OPT, we use Fully Sharded Data Parallel [Artetxe et al., 2022a] and the

Megatron-LM Tensor Parallelism [Shoeybi et al., 2019]. We use Adam [Kingma and Ba, 2015] with 32-

bit state with (β1, β2) = (0.9, 0.95), linearly warming up the learning rate for 60 steps to the maximum,

followed by linearly decaying it to 0. We conduct preliminary experiments to select learning rates from

{1e−5, 3e−5, 5e−5, 6e−5} and per-GPU batch sizes from {2, 4, 8} using the validation split of OPT-IML

Bench. The resulting hyperparameters are listed in Table 2.2. During fine-tuning, our models saw approxi-

mately 2 billion tokens, which is only 0.6% of the pre-training budget of OPT (Table 2.2).

Prompt construction details. To compile our train data, we merged all prompt data for a task with N

examples and randomly take N prompts from the pool such that the training task distribution is kept the
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Model # Gpus Batch Size Learning Rate Steps Warm-up Steps FT Time (h) # Tokens

OPT-IML 30B 64 256 5e-05 4000 60 19 2B
OPT-IML 175B 128 128 5e-05 8000 60 72 2B

Table 2.2: Fine-tuning parameters for all OPT-IML models.

same regardless of how many prompts are given for the tasks. We merged the prompts for each task in a

similar manner in our validation set, and randomly sample a maximum of 250 prompts per task to report the

validation results. For our test tasks, we keep all prompt variations and all examples.

Generalization levels. Starting with a baseline instruction-tuned model, we independently characterize

the effect of each factor, by tuning models with several variations of that factor and evaluating the models

on the tasks from our validation split, separated into three generalization levels: a) tasks from clusters

not included in training (Fully Held-out), b) tasks unseen during training but from seen clusters (Partially

Supervised), and c) tasks seen during training (Fully Supervised). An instruction-tuning setting is desirable

if it improves performance on fully held-out and partially supervised tasks without sacrificing performance

on fully supervised tasks. We use average performance across all three generalization levels on both 0-shot

and 5-shot settings on the validation/test sets of the tasks in the validation split to determine the best settings

for each factor.

Decoding. Our evaluation data comprises tasks with answer candidates (of which one is correct), as well as

tasks with multiple gold reference sequences. For the former set of tasks, we use rank classification similar

to Brown et al. [2020], where we score each candidate based on their likelihood and output the highest-

scoring candidate as the answer. This candidate is used to compute accuracy on the task. For tasks without

candidates, we perform greedy decoding until an <eos> token is predicted or a maximum of N=256 tokens

are generated. Based on the generated sequence and the references, we then compute either Exact-match or

Rouge-L F1 scores.

Model selection. For all experiments, we first aggregate results separately for 0-shot and 5-shot across

task subtypes. For example, pro and anti versions of type 1 and type 2 Winobias [Zhao et al., 2018] tasks

from PromptSource, and all 57 subtasks of MMLU [Hendrycks et al., 2021a], would be aggregated to get

36



Task Category Benchmark Generalization Level Metric

Winobias Stereotype Detection PromptSource Fully Held-Out Rouge-L F1
Winobias Stereotype Detection SuperNatInst Fully Held-Out Rouge-L F1
Bard Analogical Reasoning Word Analogy SuperNatInst Fully Held-Out Rouge-L F1
Cause-Effect Cause Effect Classification SuperNatInst Fully Held-Out Rouge-L F1
COPA Cause Effect Classification PromptSource Fully Held-Out Accuracy
COPA Cause Effect Classification SuperNatInst Fully Held-Out Rouge-L F1
COPA Cause Effect Classification FLAN Fully Held-Out Accuracy
COPA CommonSense Cause Effect Classification SuperNatInst Fully Held-Out Rouge-L F1
Glucose Cause Effect Classification SuperNatInst Fully Held-Out Rouge-L F1
Jfleg Grammar Error Correction SuperNatInst Fully Held-Out Rouge-L F1
MMLU MMLU MMLU Partially Supervised Accuracy
Civil Comments Toxic Language Detection SuperNatInst Partially Supervised Rouge-L F1
Jigsaw Toxic Language Detection PromptSource Partially Supervised Rouge-L F1
Newsroom Summarization FLAN Partially Supervised Rouge-L F1
Race Question Answering PromptSource Partially Supervised Accuracy
Race Question Answering SuperNatInst Partially Supervised Rouge-L F1
StrategyQA Reasoning Reasoning Partially Supervised Rouge-L F1
GSM8K Reasoning Reasoning Partially Supervised Rouge-L F1
SQuAD v1 Question Answering FLAN Fully Supervised Rouge-L F1
SQuAD v1 Question Answering PromptSource Fully Supervised Rouge-L F1
Blended Skill Talk Dialogue Generation PromptSource Fully Supervised Rouge-L F1
CNNDM Summarization PromptSource Fully Supervised Rouge-L F1

Table 2.3: Full details of validation tasks used in our experimental studies. Some of these tasks contain
sub-tasks (e.g., MMLU) which we did not list in this table.

per task performance. If the same task exists across multiple benchmarks, we then average performance

across benchmarks as well. We then compute 0-shot and 5-shot averages of all tasks within a category

(or benchmark depending on the experiment), and finally, compute a combined average of all 0 and 5-shot

scores of each category (or benchmark), which we use for model selection.

We tune each model for 4000 steps and evaluate on our validation split on both 0-shot and 5-shot settings,

using 250 examples from each task for compute-efficiency. Our validation splits for each task include a

mix of multiple prompts for FLAN and PromptSource. All but four validation tasks are generation-style

tasks (where we report Rouge-L F1). We compute accuracy based on scoring for the remaining tasks and

aggregate them together with Rouge-L for presentation purposes. Table 2.3 shows full details about the

tasks in our validation split.
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2.3.1 Effects of varying task mixing-rate maximum

Prior work [Raffel et al., 2020; Wei et al., 2022b] typically uses example-proportional sampling and builds

batches by sampling from datasets proportional to their sizes, while enforcing a maximum size parameter

(EPS) to prevent large datasets from overwhelming the batch. To understand how this maximum mixing rate

(EPS) affects performance across the different generalization levels, we perform experiments with EPS ∈

{128, 256, 512, 1024, 2048, 4096, 8192, 16384, 106} and report results in Table 2.4. An EPS of 512 causes

97% datasets to hit their maximum, while an EPS of 8192 causes 16% datasets to hit their maximum. We

also experiment without using EPS i.e. EPS=100K.

Fully Held Out Partially Supervised Fully Supervised
Cause
Effect

Gram.
Corr.

Stereo.
Det.

Word
Ana.

Reas. MMLU QA Summ.
Toxic
Det.

Dial
ogue.

QA Summ.

27 61.4/62.0 86.2/87.5 59.1/82.5 12.1/59.1 2.9/22.4 42.5/35.6 67.5/59.7 21.0 61.7/66.3 16.8/17.5 86.9/83.3 30.7
28 59.3/60.7 86.5/87.8 60.2/83.4 13.0/57.1 2.6/19.1 41.5/36.0 64.8/59.9 20.5 61.7/69.5 16.4/16.8 86.2/83.7 31.0
29 59.6/61.3 86.4/87.9 55.2/82.8 12.9/58.5 2.6/24.7 40.2/38.1 65.3/57.4 20.2 59.8/66.2 17.1/16.6 85.7/82.6 31.2
210 64.5/60.3 86.0/87.6 47.9/82.3 14.1/56.8 2.7/23.6 39.0/35.9 66.9/61.6 20.5 60.8/66.4 17.7/16.0 86.1/85.2 31.0
211 64.4/62.7 85.9/87.7 50.4/82.2 11.7/54.5 2.7/22.0 40.1/35.7 67.4/58.6 19.9 60.1/65.6 17.2/16.8 87.3/84.6 31.4
212 63.5/62.5 86.1/87.5 58.9/82.3 17.2/57.8 2.6/20.4 41.5/37.0 69.3/59.0 18.1 60.0/70.0 16.1/15.8 87.6/83.5 31.3
213 63.3/61.2 85.6/87.9 48.2/81.3 13.2/56.8 2.6/25.6 38.3/35.9 69.4/57.7 19.6 59.4/68.2 16.4/15.6 86.2/84.5 32.3
214 60.2/61.3 86.0/88.0 57.3/82.5 15.1/52.6 2.6/20.3 41.8/36.1 70.5/61.1 19.8 58.6/64.0 16.9/14.7 86.1/84.4 32.0
106 59.2/62.2 86.4/86.9 57.3/80.8 8.8/53.7 2.6/22.0 39.2/34.2 67.6/59.5 19.8 58.2/68.1 15.2/15.8 84.6/81.6 31.7

Table 2.4: Performance variation across different task categories with different maximum mixing rates
(EPS), for each generalization level on OPT-IML 30B, after 4000 steps. Results are in the format of 0-
shot/5-shot. We use only 0-shot performance for summarization tasks. Most tasks are generation tasks,
for which we report Rouge-L. We report accuracy for MMLU. Some tasks in the Cause Effect Cluster also
use accuracy, which is averaged with Rouge-L for presentation purposes. We select models based on their
average performance aggregated per category, benchmark and shot.

Overall, we find that while EPS is important to instruction-tuning i.e. on average all models that use EPS

outperform the model without it, after a certain threshold i.e. less than 4096 in our case, there is minimal

variation in performance across all generalization levels. While based on the highest average performance,

we choose 4096 (also corresponds to 50% of the dataset lengths being capped) for our other experiments

and the final OPT-IML models, we find that all values below 4096 also perform quite well, with EPS=128

closely matching 4096. Also note that changing EPS implicitly changes the proportion of fine-tuning data

from each benchmark, which we control for explicitly in the next Section.
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2.3.2 Effects of varying benchmark proportions

Using multiple benchmarks for training, together with only example-proportional sampling, results in bench-

marks with more tasks overwhelming the batch composition. For example, in our benchmark, 71% of train-

ing examples would come from SuperNatInst, with 18% from PromptSource, and only 5% from FLAN.

Since each benchmark is associated with a specific task format, this can bias the resulting model towards

certain input-output formats. We vary the proportions of different benchmarks to evaluate their effect on

downstream task performance on our three generalization levels and present results in Table 2.5. For this

experiment, we compare models based on their aggregate performance on each benchmark instead of task

category, since we would like to choose the parameters that perform well on a maximum number of bench-

marks.

Fully Held-Out Partially Supervised Fully Supervised
Benchmark Props.

Crossfit/Exmix/Flan
/NIV2/PS/T5/U-SKG

FLAN NIV2 PromptS Reas. FLAN MMLU NIV2 PromptS FLAN PromptS

2/1/ 5/71/18/1/2 79.2/74.4 52.4/61.8 75.2/79.7 2.7/23.4 17.8 37.3/35.3 69.3/61.4 54.3/62.0 85.8/82.9 43.1/49.1
2/1/35/25/34/1/2 86.8/80.8 53.0/62.5 72.0/83.7 2.6/20.3 17.7 34.5/30.8 62.2/53.5 57.6/66.2 85.9/81.7 44.3/48.3
3/3/35/25/25/7/2 81.2/83.2 52.5/61.1 79.7/83.5 2.7/19.8 20.0 36.7/29.8 60.9/54.1 57.1/56.8 86.8/84.1 43.4/48.3
2/1/27/40/27/1/2 86.8/81.2 52.4/63.2 77.9/83.3 2.6/21.3 20.2 36.3/30.3 67.3/60.4 57.8/61.7 86.4/81.6 43.2/48.8
3/3/25/25/35/7/2 91.2/80.4 51.1/62.2 75.6/83.4 2.6/18.4 21.4 37.5/33.7 59.7/51.5 57.4/66.9 83.6/83.7 44.3/48.9
4/2/35/25/30/2/2 88.0/76.8 51.5/61.3 75.1/82.7 3.0/16.8 20.0 37.1/30.7 65.6/58.0 60.4/61.5 85.4/81.5 43.2/49.9
4/2/20/25/45/2/2 88.8/83.6 54.5/62.2 73.5/85.0 2.5/13.1 19.8 38.2/33.2 63.0/57.5 56.1/61.8 86.1/84.2 43.0/48.7
2/1/35/25/30/5/2 86.0/83.2 51.1/61.6 74.0/82.8 2.6/17.1 20.8 36.9/31.9 63.5/62.4 53.1/63.7 86.2/81.6 43.5/49.7
7/1/35/25/28/2/2 85.6/81.2 51.0/61.6 78.0/82.1 2.6/19.9 20.0 36.3/31.9 65.1/60.6 59.6/63.1 85.0/84.0 43.2/49.3
0/0/35/30/35/0/0 86.0/79.2 52.3/62.6 71.8/84.2 2.6/15.3 19.3 36.6/28.6 60.8/54.8 56.9/62.3 85.2/80.2 43.6/47.8

Table 2.5: Per-benchmark performance variation at each generalization level with varying benchmark pro-
portions; The first row represents the original proportions in the OPT-IML benchmark. Results are in the
format of 0-shot/5-shot. We use only 0-shot performance for Summarization tasks. Most tasks are gener-
ation tasks, for which we report Rouge-L. We report accuracy for MMLU. Four tasks in the Cause Effect
Cluster also use accuracy, which is averaged with Rouge-L for presentation purposes. We select models
based on their average performance aggregated per benchmark and shot.

First, we look at performance improvements within the same benchmark where the proportions were

changed. As we increase the proportion of FLAN from 5% to 25%, its performance improves significantly

on both the fully-held out and the partially held-out generalization levels, with no notable improvement on

the fully-supervised tasks. SuperNatInstshows a similar trend on partially-supervised tasks, but surprisingly,

not so much on fully held-out tasks. It is possible that the very specific input-output format of SuperNatInst-

makes it such that changing proportions of unrelated clusters provides no benefit to its fully held-out clusters.
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PromptSource is relatively unchanged on fully supervised clusters and partially supervised clusters, possi-

bly owing to reaching performance saturation with even an 18% proportion. However, it benefits with more

proportion on the fully-held out clusters.

Secondly, we also observe benchmarks complementing each other. For example, the highest accuracy

on fully held-out FLAN i.e. 88.8/83.6%, is achieved, not with the highest proportion of FLAN, but with

improving the proportions of PromptSource and Crossfit. Similarly, the highest generation performance on

fully-held out PromptSource of 79.7/83.5% is achieved with 25% PS, and not with 45% PS proportions.

We also observe certain tradeoffs, for example, the best proportions for FLAN and PromptSource result in

a sharp drop in performance on reasoning datasets, and vice versa. Finally, setting Crossfit, Exmix, T5 and

Unified-SKG proportions to 0 results in the worst model, demonstrating the benefits of using a diverse set of

benchmarks for instruction-tuning. Based on average performance across benchmarks, “2/1/27/40/27/1/2",

“7/1/35/25/28/2/2" and “4/2/20/25/45/2/2" performed the best and we choose the last one as the proportion

for our final OPT-IML models. Despite our choice, instruction-tuned models with different end-goals (for

example, producing reasoning chains) would benefit from choosing differently. We also explore methods to

improve performance on reasoning datasets in Section 2.5.1.

2.4 Effects of Scaling up the Fine-tuning Task Set

We first conduct the experiment to verify that scaling the number of training tasks or clusters4 improves

the overall performance of the model on the fully held-out generalization setting, as implied by previous

work [Wei et al., 2022b; Wang et al., 2022b]. Comparing to previous work, our study broaden the scope to

more generalization settings including fully held-out, partially supervised, and fully supervised tasks.

Scaling number of tasks. We randomly sample 16, 64, 256, and 1024 sets of tasks such that smaller sets

are subset of bigger sets, and fully supervised tasks are always selected. Figure 2.2 presents these task scaling

studies on the three generalization levels, aggregated at the cluster-level for both 0 and 5-shot performance.

We observe that both fully held-out and partially supervised tasks get the most improvements with the in-

crease in the number of training tasks. In the fully held-out setting, Cause Effect Classification and Word

4We use task cluster/category interchangeably in this report.
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Figure 2.2: Effect of scaling the number of training tasks on each generalization level for OPT-IML 30B
under both 0-shot and 5-shot settings, aggregated by task category.

Analogy clusters see the biggest improvements in zero-shot and few-shot, respectively. On the partially su-

pervised, Question Answering and Toxic Language Detection clusters see the biggest improvements on both

zero-shot and few-shot. Both Summarization and Reasoning tasks within the partially supervised tier, as

well as Word Analogy within the fully held-out tier (0-shot setting) do not exhibit a significant performance

boost as the number of tasks increases. For Summarization and Word Analogy, the stagnant performance

could possibly be attributed to the nature of the tasks in our evaluation set. These tasks are constructed to as-

sess discrete capabilities (e.g., "write a brief summary for the following article"). Consequently, fine-tuning

on an increased number of tasks or tasks from the same category fails to yield additional improvement.

Interestingly, the performance of fully supervised tasks remains unchanged even when more relevant tasks

are seen, as we increase the amount of training tasks. Overall, we found that OPT-IML perform the best

on supervisedly trained tasks, approaching the performance of previous state-of-the-art supervised models.5

Tasks trained in a partially supervised manner comprise the second best tier. For fully held-out tasks, despite

significantly outperforming the baseline models, OPT-IML’s performance tends to fall considerably behind

5For example, it achieves an F1-score of more than 85.0 on the SQuAD v2 dataset [Rajpurkar et al., 2018].
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state-of-the-art supervised models. We did not encounter a task category where the performance declined

as we increase the number of fine-tuning tasks, indicating a generally positive impact of incorporating more

fine-tuning tasks.
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Figure 2.3: Scaling # training categories.

Scaling number of task categories. We also bench-

marked the impact of scaling up the number tasks in a

more principled way. To this end, we order the task clus-

ters based on the decreasing order of the number of tasks

present in each cluster and select the first 4, 16, 64, and

93 (all) clusters. Additionally, we make sure that Ques-

tion Answering, Summarization, and Dialogue Genera-

tion clusters are always represented since our fully su-

pervised validation tasks belong to these three clusters.

Figure 2.3 presents the corresponding results on all three

generalization levels for both zero-shot and few-shot set-

tings. As we increase the fine-tuning clusters, the performance on fully supervised tasks either stay the same

or slightly drop in the few-shot setting. On the fully held-out and partially supervised levels, the results on

the zero-shot settings improve an increase in the number of clusters. However, the results for the few-shot

settings are somewhat inconsistent, but they generally tend to decline with cluster scaling. Note that the

first 4 clusters already cover 673 tasks (clusters belonging to the fully supervised setting have a lot of tasks).

Hence, the model starts with strong performance, which might lead to the mixed results that we observe.

Based on these experiments, we use all tasks and clusters to train our final OPT-IML models.

2.5 Impact of Special Datasets

2.5.1 Reasoning Datasets

Recent work [Wei et al., 2022c; Kojima et al., 2022] has illustrated improvements in the performance of

LLMs on reasoning tasks, when prompted to generate a reasoning chain in natural language before gener-

ating the answer. Based on these findings, we attempt to explicitly fine-tune LLMs to perform reasoning
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Dataset Example (Input Prompt and Output)

Pre-training You could make it a full group party with the kids and wives. Don’t make it just about books.
So have A movie night My parents made a movie group they go out to dinner then see a
movie then dicuss it. You could play card games. Watch some comedy. Ask the members.
Do a music night when one of you has to bring a selection of their fav music.

Reasoning Answer the following question by reasoning step by step.
How do most people feel about a person they love?
popularity, know all, own house, care about, flu Output: we care about people we love. The
answer is care about

Dialogue I love cats and have five of them.
Cats are nice. How old are you?
Old enough to work in the construction field. You?
I am 68, been retired for a few years now.
Great. What did you work and retire from?
I was a tailor.

Table 2.6: Examples from the pre-training, reasoning, and dialogue datasets. For pre-training and dialogue
data, the source is empty and the entire text sequence is considered as the target.

by compiling a set of 14 reasoning datasets6, where the output includes a rationale before the answer and

by including these datasets during instruction-tuning. This set includes the 9 datasets used by [Chung

et al., 2022b] in their CoT category as well as some additional datasets. Each dataset has a single prompt

that uses an instruction, that explicitly asks the model to generate a reasoning chain [Kojima et al., 2022],

followed by examples in the few-shot setting that illustrate how the reasoning chain should be produced

before the answer. We show an example with such a prompt in Table 2.6. Using benchmark proportions of

“2/1/27/40/27/1/2" as a baseline (see Section 2.3.2), we experiment with adding 1%, 2%, and 4% propor-

tions of reasoning data (by reducing the proportion of the highest proportion benchmark i.e. SuperNatInst),

and present results for the 5-shot setting in Figure 2.4 by generalization level and task category.

We see a substantial performance improvement on the 2/14 held-out validation reasoning tasks (Rouge-

L from 12.2% to 31.6%) when we instruction-tune with reasoning datasets, but alongside, we also see

improvements on other held-out task categories such as Cause-Effect, Stereotype Detection, Toxicity Detec-

tion, and Word Analogy. Furthermore, adding 1% reasoning data results in the largest gains overall, beyond

which, the gains start to reduce on MMLU, Cause-Effect Accuracy, Toxicity, and Dialogue (averaged over

6GSM8K [Cobbe et al., 2021b], StrategyQA [Geva et al., 2021a], AQUA-RAT [Ling et al., 2017a], CoQA [Reddy et al.,
2019], CoS-E [Rajani et al., 2019], CREAK [Onoe et al., 2021], ECQA [Aggarwal et al., 2021a], e-SNLI [Camburu et al., 2018],
MATH [Hendrycks et al., 2021c], ProofWriter [Tafjord et al., 2020], QASC [Khot et al., 2020], QED [Lamm et al., 2021], Sense-
Making [Wang et al., 2019], WinoWhy [Zhang et al., 2020].

43



0 1 2 4
% Reasoning Data

50

55

60

65

70

75

80

85

Ac
cu

ra
cy

/R
ou

ge
-L

Fully Held-Out
Cause Effect Classification
Grammar Error Correction
Stereotype Detection
Word Analogy

0 1 2 4
% Reasoning Data

20

30

40

50

60

Ac
cu

ra
cy

/R
ou

ge
-L

Partially Supervised
Reasoning
MMLU
Question Answering
Toxic Language Detection

0 1 2 4
% Reasoning Data

20

30

40

50

60

70

80

Ac
cu

ra
cy

/R
ou

ge
-L

Fully Supervised
Dialogue Generation
Question Answering

Figure 2.4: Effect of fine-tuning using reasoning datasets on each generalization level for OPT-IML 30B
in a 5-shot setting, aggregated by task category. We experiment with adding 1%, 2% and 4% reasoning
datasets by proportion. Note that the baseline for this experiment is based on a different proportion than
other experiments.

0 and 5-shot). On the other hand, the Summarization cluster (only 0-shot) continues to benefit from higher

proportions of reasoning data. Based on average performance across categories and generalization levels,

we use 1% reasoning data for our final OPT-IML models.

2.5.2 Dialogue Datasets

We experiment with adding dialogues as auxiliary fine-tuning data to test if it can improve the LM’s ability

to respond to directional input and understand referential expressions. Another goal is to evaluate if this

approach can induce chat-bot behaviors [Shuster et al., 2022] and make the resulting models more conversa-

tional. Using a subset of dialogue datasets7 used for training BlenderBot 3 [Shuster et al., 2022], we process

the dialogues into sequences of turns separated by a single newline token (see Table 2.6 for an example).

The data consists of 320,543 unique dialogues and we fine-tune the model to predict the entire dialogue

sequence. We set the proportion of the included dialogue data to be 0.5% and present 0 and 5-shot results

by task category and generalization level on our validation split in Table 2.7.

We observe that adding even just 0.5% of the aforementioned dialogue data lowers 0-shot performance

while 5-shot performance remains unchanged. Specifically, 0-shot performance suffers mainly on stereotype

detection and word analogy. On examining model predictions on these categories, we found that they are

primarily generation tasks whose references are either a single word or a short piece of text with a specific

7Wizard of Internet [Komeili et al., 2022], Wizard of Wikipedia [Dinan et al., 2019b], Blended Skill Talk [Smith et al., 2020],
ConvAI2 [Dinan et al., 2019a], Multi-Session Chat [Xu et al., 2022] and Light+ Wild [Urbanek et al., 2019; Shuster et al., 2021].
These are a subset of those used by Shuster et al. [2022].
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Fully Held Out Partially Supervised Fully Supervised
Average

EPS
Cause
Effect

Gram.
Corr.

Stereo.
Det.

Word
Ana.

Reas. MMLU QA Summ.
Toxic
Det.

Dial
ogue.

QA Summ.

Baseline 63.5/62.5 86.1/87.5 58.9/82.3 17.2/57.8 2.6/20.4 41.5/37.0 69.3/58.9 18.1 60.0/70.0 16.1/15.8 87.6/83.5 31.3 46.0/57.6
+ 0.5% BB3 61.7/62.2 86.1/87.4 51.9/83.4 10.4/57.5 2.6/22.2 40.2/35.4 68.9/62.5 20.6 61.9/65.4 16.1/15.2 86.4/83.7 31.1 44.8/57.5

Table 2.7: Effect of fine-tuning with 0.5% dialogue data on each generalization level for OPT-IML 30B after
4000 steps, aggregated by task category. Results are presented in the format 0-shot/5-shot. Most categories
use Rouge-L F1, MMLU uses accuracy. Some Cause-Effect tasks use accuracy, which is averaged with
Rouge-L F1 for presentation purposes.

format (for example, a pair of phrases from the original input that refer to each other). Training with BB3

data weakened the model’s ability to conform to the required format.8 It also significantly lowered the 5-

shot performance of toxicity detection. An error analysis revealed a similar problem i.e. the model tends to

perform worse on tasks that require generating a special set of decision words rather than simply generating

“yes” or “no”. Owing to severe model degeneration on these tasks, we do not add dialogue data while tuning

OPT-IML.

2.6 Effects of Meta-Training for In-Context Learning

Recent work has shown that fine-tuning language models with demonstration examples in the instructions

improves their ability to learn from the examples in context [Min et al., 2022a; Wang et al., 2022b; Chung

et al., 2022b]. Both [Min et al., 2022a] and [Wang et al., 2022b] experimented with the setup where a

constant number of k demonstration examples are added to each training example. The models are evaluated

with the same number of k demonstration examples during inference. [Chung et al., 2022b] used a mixture

of data with and without exemplars. However, the proportion of each type of data used and how many

exemplars were included are not clear.

We attempt to train models that are better in-context few-shot learners, and also robust to the number of

demonstration examples used during inference time.9 We experiment with a simple way of creating training

8On one hand this behavior demonstrates a weakened instruction-following ability for the underlying model. On the other hand,
it exposes a caveat in measuring model performance on tasks with instructions – model performance on a specific task category is
often the result of multiple factors and underperforming on a particular task category may not offer a useful atomic diagnosis. As
in our case, we found the model to perform worse on stereotype detection tasks because it cannot parse the required output format,
not because it is a more biased model.

9In preliminary experiments, we found models trained with k exemplars tend to perform worse when a different number of
exemplars is used during inference time.
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[SEP] [SEP]

Figure 2.5: We experiment with two types of training losses for MetaICL: the generation loss over the label
of the target example as proposed by [Min et al., 2022a], and the generation loss over the label of the first
demonstration example and the complete sequences of the following examples.

examples that include varying numbers of demonstration examples. For each example e, we sample k from a

distribution D with cap K, and randomly select k other examples Ed = {e1, . . . , ek}, ei ̸= e, from the train

set, if k > 0. We add Ed as the demonstration examples in e’s prompt, where the examples are separated by

a special token [SEP]. For benchmarks with task-level instructions such as Super-NaturalInstructions, we

place the demonstration examples before e and after the instruction field; for benchmarks with instance-level

instructions such as FLAN and PromptSource, we place the demonstration examples before e.

Because the demonstration examples significantly increase the prompt lengths, including too many few-

shot training examples often leads to worse performance and reduced learning stability, owing to sparsity

in the loss and lower batch diversity. As a result, we choose D to be the Zipf distribution10, which can be

heavily tilted towards k = 0. We train MetaICL models with different D’s by adjusting the shape parameter

a of the Zipf distribution. When a = 4, 92.5% of the examples are zero-shot examples; and when a = 2,

67.1% of the examples are zero-shot examples. We set K = 5 and use three consecutive newline tokens as

[SEP] following [Min et al., 2022a].

MetaICL with suffix loss. To further address the loss sparsity problem, we also experiment with a vari-

ation of the original MetaICL loss, illustrated in Figure 2.5. Given an example with instructions and ex-

emplars, rather than training the model to produce the target label, we train the model to produce the target

label of the first exemplar followed by the complete sequences of the remaining exemplars. This effectively

turns the demonstration examples into training examples as well, and mitigates the loss sparsity problem

given it is now spread over more tokens.

10https://docs.scipy.org/doc/scipy/reference/generated/scipy.stats.zipf.html
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Performance degradation on generation tasks. We present validation set results for instruction-tuning

with different settings for MetaICL, aggregated by generalization level and task category under both 0

and 5-shot settings, in Table 2.8. We observe that adding MetaICL training leads to worse performance

in both 0-shot and 5-shot setups in most cases, while MetaICL with the suffix loss outperforms regular

MetaICL, especially in the 0-shot setup. Further examination of per-category performance reveals that while

MetaICL models show reasonable improvements in multiple 5-shot evaluations, the 5-shot performances on

Stereotype Detection and Word Analogy degrade significantly. An error analysis reveals a similar problem

as in §2.5.2 – the MetaICL models tend to lose the ability to strictly follow the output pattern in the presence

of in-context exemplars. In addition, the standard MetaICL loss significantly hurts reasoning tasks. The

resulting models tend to generate short answers despite the presence of reasoning chains in the in-context

learning examples. Further investigation reveals that the model could be over-fitting to the demonstration

separators and modifying them at inference time can significantly mitigate these problems (Table 2.9). Fine-

tuning with random demonstration separators may effectively mitigate these issues and we leave it to future

work to investigate this approach. Interestingly, MetaICL degrades performance only for generation tasks,

but is overall beneficial for scoring based classification tasks such as MMLU. However, owing to severe

output degeneration in the regular setting, we decide to not use MetaICL to train our OPT-IML models.

Fully Held Out Partially Supervised Fully Supervised
Average

EPS
Cause
Effect

Gram.
Corr.

Stereo.
Det.

Word
Ana.

Reas. MMLU QA Summ.
Toxic
Det.

Dial
ogue.

QA Summ.

Baseline 62.1/59.6 85.4/87.4 56.8/79.9 13.5/55.9 2.6/18.3 39.3/36.0 65.1/58.0 17.8 61.6/66.9 16.4/16.2 86.4/81.5 29.7 44.7/56.0
Zipf a=4 60.5/61.4 84.7/87.5 53.0/67.6 13.8/36.5 2.9/3.3 37.9/35.9 63.6/59.7 18.8 59.5/62.2 15.5/15.3 86.1/86.3 30.2 43.9/51.6
Zipf a=4 sf. 59.8/62.0 85.1/87.2 52.9/67.6 12.2/42.9 2.7/20.7 41.0/38.7 64.3/61.6 18.4 66.3/66.2 15.9/16.2 85.9/85.2 29.5 44.5/54.8
Zipf a=2 61.6/62.0 84.2/87.0 48.0/69.1 11.0/41.2 2.6/5.2 37.9/36.4 63.7/64.9 20.2 65.1/72.8 16.1/14.5 85.6/84.8 29.8 43.8/53.8
Zipf a=2 sf. 56.1/64.3 87.6/88.1 60.8/65.9 14.5/35.9 2.6/16.9 39.7/38.0 63.4/62.1 19.1 65.2/75.3 16.2/16.9 85.4/86.2 31.5 45.2/55.0

Table 2.8: Effects of MetaICL fine-tuning on each generalization level for OPT-IML 30B after 2000 steps,
aggregated by task category. Results are presented as 0-shot/5-shot. We underline categories where the
MetaICL model outputs demonstrate severe degeneration compared to the baseline model.

2.7 OPT-IML Models

We fine-tune OPT-IML 30B and 175B models using the best settings for instruction tuning from our ablation

experiments. Specifically, we set the best values for dataset size cut-off (EPS) and benchmark proportions
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Fully Held Out Partially Supervised Fully Supervised
Avg.

EPS
Cause
Effect

Gram.
Corr.

Stereo.
Det.

Word
Ana.

Reas. MMLU QA Summ.
Toxic
Det.

Dial
ogue.

QA Summ.

Baseline 62.1/59.5 85.4/87.6 56.8/79.8 13.5/55.4 2.6/18.3 39.3/36.0 65.1/56.6 17.8/15.2 61.6/65.7 16.4/16.5 86.4/82.4 29.7/19.0 44.7/49.3†

Zipf a=4 60.5/60.6 84.7/88.1 54.1/81.2 13.8/55.8 2.9/9.7 38.4/37.3 64.4/62.8 18.8/19.5 59.5/65.8 15.5/15.3 86.1/85.4 30.2/29.5 44.1/50.9
Zipf a=4 sf. 59.8/61.5 85.1/87.4 52.9/79.4 12.2/52.8 2.7/24.6 41.0/38.7 64.3/59.6 18.4/20.3 66.3/67.3 15.9/15.9 85.9/85.0 29.5/26.9 44.5/51.6
Zipf a=2 61.6/61.9 84.2/87.7 48.0/80.1 11.0/55.2 2.6/15.1 37.9/36.4 63.7/61.9 20.2/21.5 65.1/75.3 16.1/15.3 85.6/85.0 29.8/28.1 43.8/52.0
Zipf a=2 sf. 56.1/63.5 87.6/88.2 60.8/75.0 14.5/44.7 2.6/20.3 39.7/38.0 63.4/60.5 19.1/20.7 65.2/76.0 16.2/16.2 85.4/86.3 31.5/28.8 45.2/51.5

Table 2.9: A repeat of the MetaICL experiments reported in §2.6 using “\n\n” as the example separator
during inference. Under this setting, all MetaICL models outperform the baseline model. † The 5-shot
baseline performance is not comparable with those in the other experiment tables since we also include the
5-shot performance on summarization tasks here.

based on the valid split performance, include all tasks in the training split, add 1% datasets with reasoning

chains, and 5% data from the OPT pre-training corpus. We evaluate the final models on the OPT evaluation

tasks as well as on four multi-task benchmarks from prior work [Wei et al., 2022b; Sanh et al., 2022; Wang

et al., 2022b; Xie et al., 2022; Zhang et al., 2022] in both zero and 5-shot settings, directly comparing them

to individual benchmark specific instruction-tuned models released by prior work.

Model StoryCloze PIQA ARC (e) ARC (c) OpenBookQA Winograd Winogrande

OPT 30B 80.3/84.1 77.5/78.8 63.9/72.7 43.1/45.2 57.2/60.1 83.5/83.3 69.7/71.7
OPT-IML 30B 80.1/82.7 77.3/69.2 64.9/72.1 45.5/46.7 50.6/55.2 83.5/83.5 67.8/69.0
OPT 175B 82.9/86.9 79.5/81.6 67.0/76.8 44.1/50.5 58.4/64.5 85.3/87.8 73.7/77.6
OPT-IML 175B 83.3/86.4 79.8/80.5 70.8/77.2 50.9/53.2 58.2/65.0 85.7/87.5 73.0/74.4

Model BoolQ CB COPA RTE WIC WSC MultiRC Average

OPT 30B 64.0/69.6 28.6/5.7 84.0/88.6 58.1/61.7 50.2/54.0 62.2/63.2 6.1/7.8 59.2/60.5
OPT-IML 30B 66.9/71.8 82.1/78.6 85.0/89.0 83.8/73.3 57.1/52.0 75.7/54.1 7.7/4.9 66.3/64.4
OPT 175B 60.1/76.8 46.4/70.0 87.0/91.4 60.3/71.0 56.6/54.3 51.4/75.1 7.5/14.0 61.4/69.9
OPT-IML 175B 71.4/81.7 69.6/53.6 88.0/89.0 84.8/83.8 56.1/56.1 73.0/75.7 10.3/20.4 68.2/70.3

Table 2.10: Accuracies of OPT-IML compared with OPT on the 14 standard NLP tasks from Zhang et al.
[2022] under the fully held-out setup. The results are presented in the format of 0-shot/32-shot.

We examine these results in Table 2.10 and Figure 2.6. In particular, OPT-IML outperforms OPT on

all benchmarks and is competitive with the individual benchmark specific instruction-tuned models on both

zero- and few-shot performance. We conclude that supervised fine-tuning over a large number of tasks en-

hances the proficiency of LLMs as task solvers in various setting, especially in the zero-shot scenarios where

only a natural language description of the task is provided. On the other hand, we find instruction tuning

does not improve the in-context learning capabilities of LLMs, and it might even hurt this aspect. Across the
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Figure 2.6: Accuracies of OPT-IML compared with OPT and other instructable LLMs fine-tuned specifi-
cally for each benchmark, under both 0-shot and 5-shot settings.

three instruction benchmarks shown in Figure 2.6, the improvement of 5-shot in-context learning over the 0-

shot setting for OPT-IML is less pronounced than it is for OPT. Chung et al. [2022b] reported similar results

for certain tasks. However, for the majority of tasks, their study did not offer a direct comparison between

0-shot and few-shot performances. It would be worthwhile to examine this phenomenon more carefully in

future work, as it is perplexing for models designed to learn and follow natural instructions to potentially

lose their in-context learning ability. We also conducted an ablation experiment, incorporating in-context

learning examples in the fine-tuning prompts. However, in contrast to the findings of Chung et al. [2022b]

and Min et al. [2022a], adding the in-context learning examples did not result in substantial improvement on

our validation set and led to model degeneration for generative tasks. As a result, we did not use in-context

learning examples to fine-tune the OPT-IML models.

2.8 Comparison with State-of-the-Art LLMs

To compare the performance of OPT-IML with other state-of-the-art instructable LLMs, we instruction-tune

OPT 30B and 175B on our entire benchmark of 1,991 tasks, and compare the resulting models (dubbed

OPT-IML-Max) to FLAN-T5 and FLAN-PaLM developed by Google [Chung et al., 2022b] and the Text-

DaVinci APIs developed by OpenAI11. We evaluate the models on three demanding benchmarks that have

not been utilized for fine-tuning any of the models under consideration: MMLU [Hendrycks et al., 2021a],

Big Bench Hard (BBH) [Srivastava et al., 2022] and RAFT [Alex et al., 2021] using their standard test splits.

11https://api.openai.com/v1/completions
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BBH MMLU RAFT

# shots 3 0/5 5

OPT 1.3B 27.9 23.5/25.9 49.1†

OPT 30B 28.4 24.2/26.1 59.1†

OPT 175B 30.2 27.3/34.2 63.2†

T5 11B 29.5 -/25.9 –

PaLM 62B 37.4 -/55.1 –

PaLM 540B 49.1 -/71.3 –

OpenAI davinci 33.6 -/32.3 64.5

OPT-IML-Max 1.3B 26.5 34.9/29.5 55.9†

OPT-IML-Max 30B 30.9 46.3/43.2 69.3†

OPT-IML-Max 175B 35.7 49.1/47.1 79.3†

T0pp 11B 13.0 46.7/33.7 56.8†

FLAN-T5 11B 45.3 53.7/54.9 79.5†

FLAN-PaLM 62B 47.5 -/59.6 –

FLAN-PaLM 540B 57.9 -/73.5 –

OpenAI text-davinci-002 48.6 -/64.5 72.1

OpenAI text-davinci-003 50.9 -/74.2 –

OpenAI code-davinci-002 52.8 -/77.4 –

Table 2.11: Test-set performance of OPT-IML-Max,
trained on all tasks in our benchmark, on Big-Bench
Hard, MMLU, and RAFT.

According to Table 2.11, OPT-IML signifi-

cantly outperforms its base counterpart at all scales.

However, while OPT-IML-Max-175B is competi-

tive with FLAN-T5 11B on the RAFT benchmark,

it trails behind both the suite of comparable FLAN

models and the instruction-tuned GPT-3 models (*-

davinci-*) on MMLU and BBH. We hypothesize

that the most important cause of the performance

difference is the quantity of the pre-training data of

the respective underlying base LLMs. The T5 mod-

els were trained on 1T tokens [Raffel et al., 2020] ,

PaLM on 800B [Chowdhery et al., 2022], and OPT

on 300B (180B if counting only unique text) [Zhang

et al., 2022]. Subsequent research by Touvron et al.

[2023a] demonstrated that by carefully sifting a pre-

training dataset of approximately 2 trillion tokens,

the resulting LLaMA-v2 65B model matched the

performance of the PaLM-v1 540B model on MMLU, BBH and other representative benchmarks. Further

instruction-tuning the LLaMA v2 models results in performance approaching the best instructable LLMs

available.12 There are also differences relating to the composition of the pre-training data and the respective

modeling architectures. Le Scao et al. [2022] observed that encoder-decoder models can fine-tune more ef-

fectively than decoder only models at similar scales, which could partially explain why the FLAN-T5 model

outperforms OPT-IML even with significantly fewer parameters.

2.8.1 Discussion

The literature concerning the enhancement of instruction-following capabilities of Language Learning Mod-

els (LLMs) is expanding rapidly as the capability to follow natural instructions is fundamental to foster seam-

12https://tatsu-lab.github.io/alpaca_eval/
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less human-machine interaction. Our study attests to the potential of supervised fine-tuning using extensive

NLP benchmarks in developing robust, multi-task solvers proficient in instruction following. However, this

work is not without limitations. Firstly, the OPT base models we employ are severely under-trained as per

the Chinchilla Scaling Law [Hoffmann et al., 2022]. We anticipate that applying the same procedure to

a well-trained base model (e.g. LLaMA v1 or v2) would yield significantly improved results. Secondly,

our evaluation of the model is primarily based on accuracy-focused benchmarks, meaning the results often

compound several factors. Future work could benefit from benchmarking different properties of instructable

LLMs separately, such as robustness and controllability, to gain clearer insights into the progress made

against language-controlled models. Lastly, we fine-tuned our model using conventional NLP datasets to

minimize the cost associated with human labelling for data collection. However, training exclusively on

conventional NLP datasets makes it challenging for the model to generalize to more complex practical use

cases like trip planning or providing mental health consultations.13

Recent research indicates that high-quality, manually-authored instruction data can effectively enhance

free-form generation by LLMs [Zhou et al., 2023]. Efforts like Self-Instruct [Wang et al., 2023b] and Un-

natural Instructions [Honovich et al., 2023] have also shown the potential of model-generated data as a cost-

effective substitute to crowdsourcing for dataset expansion and diversification. Nonetheless, community-

generated alignment datasets tend to produce models that perform well in certain domains but poorly on the

other (e.g. coding tasks). Therefore, determining how to collect instruction tuning data to improve model

capabilities in a balanced manner remains an open question, which we leave out of the scope of this thesis.

2.9 Related Work

Instruction Tuning. Language models are trained to predict the next token in a sequence with self-

supervised learning [Brown et al., 2020; Zhang et al., 2022; Chowdhery et al., 2022]. Prompt engineering

and in-context learning has become a dominant approach to leverage these models to solve many NLP tasks.

In order to align these models to follow natural instructions and avoid prompt engineering, recent works have

proposed instruction fine-tuning [Ouyang et al., 2022b; Wei et al., 2022b; Chung et al., 2022b; Wang et al.,

2022b]. Some of these works focus on fine-tuning the model on a wide range of tasks using human annotated

13https://chat.openai.com/
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prompts and feedback [Ouyang et al., 2022b], whereas the others focusing on supervised fine-tuning using

academic benchmarks and datasets augmented with manually or automatically generated instructions [Wang

et al., 2022b; Wei et al., 2022b; Sanh et al., 2022; Zhong et al., 2021]. In our work, we focus on the second

approach and consolidate a massive collection of publicly available datasets with instructions to finetune

OPT. Concurrent to our work, Chung et al. [2022a] also proposes a similar instruction benchmark scaling

approach to 1836 tasks from 4 benchmarks. While they focus on fine-tuning using the entire benchmark

in order to push the limits of performance on several challenging held-out tasks that test the model’s world

knowledge and reasoning capabilities such as MMLU [Hendrycks et al., 2021a] and Big-Bench Hard (BBH)

[Suzgun et al., 2023], we focus on characterizing the tradeoffs of various instruction-tuning decisions that

can affect downstream performance.

Prompting and Meta-Training Zero- and few-shot learning (a.k.a. in-context learning) that leverages

very few examples to solve any NLP task by effectively prompting the language models, is becoming a

dominant paradigm in recent years [Brown et al., 2020]. Prompting involves modifying the input and output

space of a given task that can effectively leverage the knowledge of the language model to solve it. Various

approaches have proposed better prompting ways to improve generalization performance [Wei et al., 2022c;

Lu et al., 2022]. Furthermore, recent developments have shown ways to improve in-context learning (ICL)

by meta-tuning language models to better adapt for ICL [Min et al., 2022b,a]. In our work, we leverage

both the variants of prompts available from different benchmarks, as well as meta-training with demonstra-

tions from a large pool of tasks, to study the effective settings for instruction-based fine-tuning that induce

robustness against different prompting language and setups.

Learning to Reason. Despite the progress of in-context learning, state-of-the-art LLMs still struggle with

reasoning tasks such as commonsense reasoning [West et al., 2022], and math word problems [Hendrycks

et al., 2021c] which require arithmetic reasoning, etc. To solve these challenging tasks, recent work used

different prompting methods which include a rationale with the final answer in the form of a scratchpad

for arithmetic and logical reasoning [Nye et al., 2021], provided chain-of-thought prompts in demonstra-

tions [Wei et al., 2022c], or added trigger phrases such as let’s think step-by-step to prompt models to gen-

erate explanations [Kojima et al., 2022]. In addition to changing prompts, Chung et al. [2022a] integrated
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step-by-step explanations into the instruction tuning stage. Following [Chung et al., 2022a], we further ex-

pand the set of reasoning datasets to 14 datasets and study the effects of different proportions of reasoning

data on different held-out task clusters.

Multi-task Learning. Instruction-based fine-tuning can be considered as a formulation of multi-task

Learning (MTL). MTL is a popular paradigm that improves the generalization performances of a task when

combined with related tasks by sharing common parameters or representations [Caruana, 1997; Kumar and

Daume III, 2012]. MTL has been applied to many NLP scenarios in recent years primarily focusing on

improving the performance on the training tasks or to new domains by leveraging the signal from related

tasks [Collobert and Weston, 2008; McCann et al., 2018b; Raffel et al., 2020; Vu et al., 2020]. In contrast,

instruction-based fine-tuning allows us to improve the generalization performance to new tasks that are never

seen during training. This is achieved by unifying all the tasks into a common format [Kumar et al., 2016;

Khashabi et al., 2020] via instructions, and training them together by sharing all the weights of the model

across all tasks.

Continuous Learning. Existing work also address continuous adaptation of language models by revis-

iting the instructions [Yin et al., 2022] or examples [Scialom et al., 2022] of previously learned tasks

when fine-tuning with a new task to prevent catastrophic forgetting. The results show that LMs can be

adapted effectively to new tasks without losing sight of the previously learned tasks. Other work enable

the LM to perform new tasks via arithmetic combination of learned task vectors [Ilharco et al., 2022] or

soft prompts [Anonymous, 2023] patched to the base LM without changing its parameters. We focus on

the (massively) multi-task adaptation setting by fine-tuning the LM with 2000 tasks at once. Continuously

adapting the resulting model to new data, new tasks and new domain would be an interesting and important

future direction.

2.10 Conclusions

Instruction-tuning of LLMs has emerged as an effective means to improve their zero and few-shot gener-

alization abilities. We make three main contributions to instruction-tuning in this paper. First, we curate
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a large scale benchmark for instruction-tuning comprising 2000 NLP tasks from 8 dataset collections, an-

notated into task categories. We strategically produce evaluation splits on this benchmark to evaluate three

different types of model generalization abilities: 1) fully-supervised performance, 2) performance on unseen

tasks from seen task categories, and 3) performance on tasks from completely held-out categories. Second,

using our evaluation suite, we establish tradeoffs and best practices of many aspects of instruction-tuning,

such as different sampling methods of fine-tuning tasks and categories, fine-tuning with task demonstrations,

and fine-tuning with specialized datasets for reasoning and dialogue. Finally, using the best settings from

our experiments, we train and release OPT-IML 30B and 175B instruction-tuned models based on OPT, that

strongly outperform OPT on five evaluation benchmarks and are competitive with recent instruction-tuned

models that are tuned on individual benchmarks.
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Chapter 3

Instruction Meta-Learning with

Nonparametric Memory

3.1 Introduction

Large language models (LLMs) excel as zero- and few-shot learners across various tasks [Brown et al.,

2020; Chowdhery et al., 2022; Touvron et al., 2023a,b; Anil et al., 2023; OpenAI, 2023]. However, because

knowledge is represented only in the model parameters, they struggle to capture long-tail knowledge [Tiru-

mala et al., 2022; Sun et al., 2023] and require substantial resources to be kept up-to-date [Miller, 2023].

Retrieval-Augmented Language Modeling (RALM) integrates LLMs with non-parametric information re-

trieval to overcome these limitations [Guu et al., 2020; Borgeaud et al., 2022; Izacard et al., 2022b; Shi et al.,

2023b; Ram et al., 2023]. By explicitly decoupling knowledge retrieval with the backbone language model,

such architectures have exhibited superior performance on knowledge intensive tasks such as open-domain

question answering [Lewis et al., 2020b; Izacard et al., 2022b] and live chat interactions [Liu, 2022].

Existing RALM architectures focus on two high-level challenges: (i) enhancing the LLM’s capability

to incorporate retrieved knowledge [Lewis et al., 2020b; Izacard et al., 2022b] and (ii) refining the retrieval

component to return more relevant content [Shi et al., 2023b; Izacard et al., 2022b]. Retrieval capabilities

have also been instroduced at different stages of the model training process. REALM [Guu et al., 2020]

and RETRO [Borgeaud et al., 2022] opt for end-to-end pre-training, incorporating the retrieval component
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Figure 3.1: The RA-DIT approach separately fine-tunes the LLM and the retriever. For a given example,
the LM-ft component updates the LLM to maximize the likelihood of the correct answer given the retrieval-
augmented instructions (§3.2.3); the R-ft component updates the retriever to minimize the KL-Divergence
between the retriever score distribution and the LLM preference (§3.2.4)

from the outset. Atlas [Izacard et al., 2022b] builds upon the T5 language model [Raffel et al., 2020],

and continuosly pre-trains the framework over unsupervised text. REPLUG [Shi et al., 2023b] and In-

Context RALM [Ram et al., 2023] combine off-the-shelf LLMs with general-purpose retrievers, showing

that LLMs and retrievers, even when optimized independently, can be effectively fused through the emergent

in-context learning capbabilities of LLMs. However, extensive pre-training of such architectures incurs high

computational costs, and the off-the-shelf fusion approach also has limitations, particularly as the LLMs are

not inherently trained to incorporate retrieved content.

In this chapter1, we show lightweight instruction tuning [Chung et al., 2022b; Iyer et al., 2022; Zhou

et al., 2023] alone can significantly boost the performance of RALMs, especially in knowledge intensive sce-

narios. We propose Retrieval-Augmented Dual Instruction Tuning (RA-DIT), an approach that retrofits any

LLM with retrieval capabilities via fine-tuning over a set of tasks selected to cultivate knowledge utilization

and contextual awareness in the language model predictions. We initialize the framework using pre-trained

LLAMA [Touvron et al., 2023a] and a state-of-the-art dual-encoder based dense retriever, DRAGON+ [Lin

et al., 2023a]. Following Shi et al. [2023b], we retrieve relevant text chunks based on the language model

prompt. Each retrieved chunk is prepended to the prompt, and the predictions from multiple chunks are

computed in parallel and ensembled to produce the final output.

We perform instruction-tuning in two separate steps. For language model fine-tuning (LM-ft), we adopt

the label-loss objective [Chung et al., 2022b; Iyer et al., 2022] and augment each fine-tuning prompt with
1The work in this chapter was conducted at Meta AI, in collaboration with Xilun Chen∗, Mingda Chen∗, Maria Lomeli, Rich

James, Scott Wen-tau Yih† and others [Lin et al., 2023b]. (∗co-first authors, †research leadership)
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a retrieved “background” field prepended to the instructions (Figure 3.1). We also leverage the design of

existing NLP tasks and populate this field with the ground truth context for tasks such as reading compre-

hension and summarization. By incorporating the background text during fine-tuning, we guide the LLM

to optimally utilize the retrieved information and ignore distracting content [Shi et al., 2023a]. For retriever

fine-tuning (R-ft), we update the query encoder using a generalized LM-Supervised Retrieval [LSR, Shi

et al., 2023b] training objective computed over a combination of supervised tasks and unsupervised text

completion. This way we enable the retriever to yield more contextually relevant results, aligned with the

preferences of the LLM.

We demonstrate that each fine-tuning step offers significant performance gains, and that the fine-tuned

LLM and retriever can be combined to achieve further improvements. Our largest model, RA-DIT 65B,

attains state-of-the-art performance in zero- and few-shot settings on knowledge intensive benchmarks, no-

tably surpassing the un-tuned in-context RALM approach on datasets including MMLU [Hendrycks et al.,

2021a] (+8.2% 0-shot; +0.7% 5-shot) and Natural Questions [Kwiatkowski et al., 2019] (+22% 0-shot;

+3.8% 5-shot). In addition, RA-DIT 65B also substantially outperforms ATLAS 11B on 8 knowledge-

intensive tasks (+7.2% on average in the 64-shot fine-tuning setting). This suggests that language models

and retrievers, when optimized independently and then fused through instruction-tuning, can compete effec-

tively with RALMs that have undergone extensive continuous pre-training. We further conduct a compre-

hensive model analysis, showing the effectiveness of our approach across LLMs of varying sizes, as well as

evaluating the influence of different fine-tuning strategies and retriever configurations.

3.2 Method

3.2.1 Architecture

Language Model We focus on retrieval-augmenting pre-trained auto-regressive language models [Brown

et al., 2020]. In particular, we use LLAMA [Touvron et al., 2023a], a family of open-sourced language

models pre-trained on trillions of tokens.

Retriever We adopt a dual-encoder based retriever architecture, since it can be easily fine-tuned and is

efficient at the inference stage [Lewis et al., 2020b; Izacard et al., 2022b; Shi et al., 2023b]. Given a corpus
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Table 3.1: Instruction template used for our fine-tuning datasets. <inst_s>, <inst_e> and
<answer_s> are special markers denoting the start and the end of a field.

Category Instruction Tuning Template Query Template

Dialogue Background: {retrieved passage}\n\nQ: {turn1} A: {turn2} Q:
{turn3} A: ...

{turn1} {turn2} {turn3} ...

Open-domain QA Background: {retrieved passage}\n\n<inst_s> {question}
<inst_e> <answer_s> {answer}

{question}

Reading Compre-
hension

Background: {context}\n\n<inst_s> {question} <inst_e>
<answer_s> {answer}

{question}

Summarization Background: {context}\n\nSummarize this article: <inst_e>
<answer_s> {summary}

Chain-of-thought
Reasoning

Background: {retrieved passage}\n\n<inst_s> {instructions}
{reasoning chain} <answer_s> {answer}

{question}

C and a query q, the document encoder maps each text chunk c ∈ C to an embedding Ed(c) and the query

encoder maps q to an embedding Eq(q). The top-k relevant text chunks for q are retrieved based on the

query-document embedding similarity, which is often computed via dot product:

s(q, c) = Eq(q) ·Ed(c). (3.1)

We initialize the retriever using DRAGON+ [Lin et al., 2023a], a state-of-the-art dual-encoder model

trained with a contrastive learning objective and large-scale data augmentation.

Parallel In-Context Retrieval-Augmentation Following Shi et al. [2023b], for a given language model

prompt x, we retrieve the top-k relevant text chunks C′ ⊂ C, |C′| = k. To stay within the context window size

limit, each retrieved chunk is prepended to the prompt2, and the language model predictions from multiple

augmented prompts are computed in parallel. The final output probability is a mixture of the probability

from each augmented prompt weighted by the chunk relevance score

pLM (y|x, C′) =
∑
c∈C′

pLM (y|c ◦ x) · pR(c|x), (3.2)

where ◦ denotes sequence concatenation, and pR(c|x) = exp s(x,c)∑
c′∈C′ exp s(x,c′) are the retriever scores re-normalized

among top-k relevant chunks.

2The complete set of our instruction-tuning templates are shown in Table 3.1.
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Table 3.2: Our intruction tuning datasets. All datasets are downloaded from Hugging Face [Lhoest et al.,
2021], with the exception of those marked with ‡, which are taken from Iyer et al. [2022].

Task HF identifier Dataset name DL DR #Train

Dialogue oasst1 OpenAssistant Conversations Dataset [Köpf et al., 2023] ✓ ✓ 31,598

Open-Domain
QA

commonsense_qa CommonsenseQA [Talmor et al., 2019] ✓ ✓ 9,741
math_qa MathQA [Amini et al., 2019] ✓ ✓ 29,837
web_questions Web Questions [Berant et al., 2013] ✓ ✓ 3,778
wiki_qa Wiki Question Answering [Yang et al., 2015] ✓ ✓ 20,360
yahoo_answers_qa Yahoo! Answers QA ✓ ✓ 87,362
freebase_qa FreebaseQA [Jiang et al., 2019] ✓ 20,358
ms_marco* MS MARCO [Nguyen et al., 2016] ✓ 80,143

Reading
Comprehen-
sion

coqa Conversational Question Answering [Reddy et al., 2019] ✓ 108,647
drop Discrete Reasoning Over Paragraphs [Dua et al., 2019] ✓ 77,400
narrativeqa NarrativeQA [Kočiský et al., 2018] ✓ 32,747
newsqa NewsQA [Trischler et al., 2017] ✓ 74,160
pubmed_qa PubMedQA [Jin et al., 2019] ✓ ✓ 1,000
quail QA for Artificial Intelligence [Rogers et al., 2020] ✓ 10,246
quarel QuaRel [Tafjord et al., 2019] ✓ ✓ 1,941
squad_v2 SQuAD v2 [Rajpurkar et al., 2018] ✓ 130,319

Summarization cnn_dailymail CNN / DailyMail [Hermann et al., 2015] ✓ 287,113

Chain-of-
thought
Reasoning

aqua_rat‡ Algebra QA with Rationales [Ling et al., 2017b] ✓ 97,467
ecqa‡ Explanations for CommonsenseQ [Aggarwal et al., 2021b] ✓ 7,598
gsm8k‡ Grade School Math 8K [Cobbe et al., 2021a] ✓ 7,473
math‡ MATH [Hendrycks et al., 2021d] ✓ 7,500
strategyqa‡ StrategyQA [Geva et al., 2021b] ✓ 2,290

* We only used the question-and-answer pairs in the MS MARCO dataset.

3.2.2 Fine-tuning Datasets

We choose a set of fine-tuning tasks aimed at boosting the language model’s ability to utilize knowledge

effectively and improving its contextual awareness in generating predictions. As shown in Table 3.2, our

language model fine-tuning datasets (DL) consists of 20 datasets across 5 distinct categories: dialogue,

open-domain QA, reading comprehension3, summarization and chain-of-thought reasoning. For retriever

fine-tuning datasets DR, we opt for the QA datasets in our collection featuring standalone questions, and

we additionally include two QA datasets, FreebaseQA [Jiang et al., 2019] and MS-MARCO [Nguyen et al.,

2016]. The examples of each dataset are serialized for instruction tuning using manually compiled templates

3These categories were selected due to their representativeness of practical knowledge-intensive language tasks. Our reading
comprehension (RC) fine-tuning datasets include SQuAD 2.0 [Rajpurkar et al., 2018], which trains the model to determine whether
a question can be answered using a given passage, and to provide an answer only when the passage is relevant (otherwise the
response is set to “I don’t know”). Fine-tuning on this dataset promotes a desirable behavior: the instruction-tuned model tends to
respond with “I don’t know” when the retriever presents an incorrect passage. We leave further exploring this behavior to improve
answer generation as a future work.
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(Table 3.1). For tasks in DL ∩ DR, we use the same template for both fine-tuning steps. In addition, we ob-

serve that supplementing the instruction-tuning data with unsupervised text leads to additional performance

gains for both language model and retriever fine-tuning, and we detail data mixture used in Appendix 3.3.4.

3.2.3 Retrieval Augmented Language Model Fine-tuning

To improve the language model’s ability to utilize retrieved information, we fine-tune it on the selected

datasets DL with in-context retrieval augmentation. Formally, we separate each fine-tuning sequence into

an instruction segment (x) and an output segment (y). For each example (xi, yi) ∈ DL, we retrieve the top-k̃

relevant text chunks Ci ⊂ C based on xi. Mirroring the inference-time handling, for each retrieved chunk

cij ∈ Ci, we create a separate fine-tuning example by prepending it to the instructions as a background field,

resulting in k̃ independent fine-tuning instances per original example: {(cij ◦ xi, yi)|j = 1 . . . k̃}.4

We fine-tune the language model using the next-token prediction objective and minimize the loss from

tokens in the output segment of each instance [Iyer et al., 2022]:

L(DL) = −
∑
i

∑
j

log pLM (yi|cij ◦ xi). (3.3)

Integrating in-context retrieval augmentation during fine-tuning gives a twofold benefit. First, it adapts the

LLM to better utilize relevant background knowledge to make a prediction. Secondly, even state-of-the-art

retrievers can falter and return inaccurate results. By training the LLM to make correct predictions when a

wrong retrieved chunk is given, we enable the LLM to ignore misleading retrieval content and lean into its

parametric knowledge in such cases. The efficacy of this fine-tuning strategy is empirically demonstrated in

§3.5.1.

3.2.4 Retriever Fine-tuning

In addition to fine-tuning the language model with retrieval augmentation, we also fine-tune the retriever to

better align its output with the language model. In particular, we adopt a generalized version of LSR [LM-

4The exceptions are summarization tasks and RC tasks with context dependent questions (e.g. “when was the writer born?”),
where we do not perform retrieval and create the fine-tuning instances using the given background text instead. For RC tasks
with self-contained questions, we use the retrieved chunks in addition to the given background text to create fine-tuning instances,
resulting in k̃ + 1 of them per original example.
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Supervised Retrieval, Shi et al., 2023b] training that leverages the language model itself to provide supervi-

sion for retriever fine-tuning.

For a training sample (x, y) in the retriever fine-tuning dataset DR, we define the LSR score for a

retrieved chunk c as follows:

pLSR(c|x, y) =
exp (pLM (y|c ◦ x)/τ)∑

c′∈C exp (pLM (y|c′ ◦ x)/τ)
≈ exp (pLM (y|c ◦ x)/τ)∑

c′∈C′ exp (pLM (y|c′ ◦ x)/τ)
, (3.4)

where τ is a temperature hyperparameter, and C′ ⊂ C denotes the top-k retrieved chunks for x. A higher LSR

score indicates that c is more effective at improving the language model’s chance of predicting the correct

answer. The goal of LSR training is for the retriever to assign higher scores to chunks that can improve

the LLM’s likelihood of generating the correct answer. To achieve this, we minimize the KL-divergence

between pLSR and the retriever scores pR defined in Eq. 3.2:

L(DR) = E(x,y)∈DR
KL

(
pR(c|x) ∥ pLSR(c|x, y)

)
(3.5)

In practice, we only update the query encoder of the retriever, as fine-tuning both encoders hurts the perfor-

mance (§3.5.1). While previous work [Shi et al., 2023b] relies solely on unlabeled texts (denoted as corpus

data) for LSR training, we show that LSR can be generalized to incorporate the multi-task instruction data

introduced in §3.2.2 (denoted as MTI data). The MTI data provide direct supervision to the retriever to

return relevant information that enhances the language model in various downstream tasks. As shown in

§3.5.1, combining both types of data yields the best results and outperforms using either source alone.

3.3 Experiment Setup

3.3.1 Retriever

We initialize the retriever in our framework with DRAGON+ [Lin et al., 2023a] and also use it to study

various retriever configurations. We combine the text chunks from the Dec. 20, 2021 Wikipedia dump

released by Izacard et al. [2022b] with additional ones from the 2017-2020 CommonCrawl dumps. The

Wikipedia dump includes lists and infoboxes in addition to regular articles. The articles are split by section,
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Table 3.3: Language model prompts and retriever query templates used for our evaluation datasets. We did
not perform retrieval for commonsense reasoning tasks evaluation.

Task LLM Prompt Template Query Template

Knowledge-Intensive Tasks
MMLU Background: {retrieved passage}\n\nQuestion: {question}\nA.

{choice}\nB. {choice}\nC. {choice}\nD. {choice}\nA: {answer}
{question}\nA.
{choice}\nB. {choice}\nC.
{choice}\nD. {choice}

NQ, TQA, ELI5,
HoPo, zsRE

Background: {retrieved passage}\n\nQ: {question}\nA: {answer} {question}

AIDA Background: {retrieved passage}\n\n{context}\nOutput the Wikipedia
page title of the entity mentioned between [START_ENT] and [END_ENT]
in the given text\nA: {answer}

{context} tokens be-
tween [START_ENT] and
[END_ENT]

FEV Background: {retrieved passage}\n\nIs this statement true? {statement}
{answer}

{statement}

T-REx Background: {retrieved passage}\n\n{entity_1} [SEP] {relation} \nA:
{answer}

{entity_1} [SEP] {relation}

WoW Background: {retrieved passage}\n\nQ: {turn1}\nA: {turn2}\nQ:
{turn3} ...\nA: {answer}

{turn1} {turn2} {turn3} ...

Commonsense Reasoning Tasks
ARC-E, ARC-C Question: {question}\nAnswer: {answer}
BoolQ {context}\nQuestion: {question}\nAnswer: {answer}
HellaSwag {context} {ending}
OpenbookQA {question} {answer}
PIQA Question: {question}\nAnswer: {answer}
SIQA {context} Q: {question} A: {answer}
WinoGrande {prefix} {answer} {suffix}

where long sections are further split into text chunks of equal sizes and contain less than 200 words, leading

to a total of 37M text chunks. We randomly sample a subset of articles from the CommonCrawl dumps, and

split them into equal-sized text chunks that contain less than 100 white-space-separated words, leading to

a total of 362M text chunks. We use a GPU-based exact k-nearest-neighbor search index implementation5

released by Izacard et al. [2022b]. We obtain the retrieval queries used for our fine-tuning and evaluation

tasks using manually6 constructed templates (Table 3.1 and 3.3).

3.3.2 Baselines

We focus on comparing our approach to the base LLAMA models [Touvron et al., 2023a] and REPLUG [Shi

et al., 2023b], a state-of-the-art approach that integrates off-the-shelf LLMs and retrievers, in the zero-

shot and in-context few-shot learning settings. We instantiate REPLUG using LLAMA and DRAGON+. In

5https://github.com/facebookresearch/atlas
6We leave automatically generating task-specific retrieval queries to future work.
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Task Dataset name Acronym Metric Score

Open-domain
QA

MMLU [Hendrycks et al., 2021b] MMLU Acc. nll
Natural Questions [Kwiatkowski et al., 2019] NQ EM nll
TriviaQA [Joshi et al., 2017] TQA EM nll
†HotpotQA [Yang et al., 2018] HoPo EM nll
ELI5 [Fan et al., 2019] ELI5 Rouge-L nll_token

Fact Checking †FEVER [Thorne et al., 2018] FEV Acc. nll
Entity Linking †AIDA CoNLL-YAGO [Hoffart et al., 2011] AIDA Acc. nll

Slot Filling
†Zero-Shot RE [Levy et al., 2017] zsRE Acc. nll
†T-REx [Elsahar et al., 2018] T-REx Acc. nll

Dialogue †Wizard of Wikipedia [Dinan et al., 2019c] WoW F1 nll_token

Commonsense
Reasoning

BoolQ [Clark et al., 2019] BoolQ Acc. nll_compl
PIQA [Bisk et al., 2020] PIQA Acc. nll_char
SIQA [Sap et al., 2019] SIQA Acc. nll_char
HellaSwag [Zellers et al., 2019] HellaSwag Acc. nll_char
WinoGrande [Sakaguchi et al., 2019] WinoGrande Acc. nll_char
ARC-Easy [Clark et al., 2018] ARC-E Acc. nll_char
ARC-Challenge [Clark et al., 2018] ARC-C Acc. nll_char
OpenBookQA [Mihaylov et al., 2018] OBQA Acc. nll_compl

Table 3.4: Our evaluation datasets. † indicates the development datasets we used to select fine-tuning
hyperparameters.

addition, we also compare RA-DIT to ATLAS [Izacard et al., 2022b] in a 64-shot fine-tuning setting (§3.4).

3.3.3 Evaluation

We primarily conduct evaluation on knowledge-intensive tasks that are not included in our fine-tuning

datasets, including MMLU [Hendrycks et al., 2021b], Natural Questions (NQ; Kwiatkowski et al., 2019),

TriviaQA (TQA; Joshi et al., 2017), and a subset7 of the tasks in the KILT benchmark [Petroni et al., 2021].

We use the development split of six of the KILT tasks (excluding ELI5) to determine fine-tuning hyperpa-

rameters. This enables us to report genuine few-shot evaluation results for four of the ten evaluation tasks.

For the remaining tasks, we report few-shot results assuming access to in-domain development data. We

randomly select few-shot examples from the official training splits of the KILT tasks, except for FEV, NQ

and TQA, where we use the 64-shot examples released by Izacard et al. [2022b]. For these three datasets,

we also ensure that the 5-shot examples are subsets of the 64 examples. In our retrieval augmented models,

we use the top-1 most relevant chunk for the in-context few-shot examples. In addition, we also evaluate
7The subset consists of seven tasks: HotpotQA [Yang et al., 2018], FEVER [Thorne et al., 2018], AIDA CoNLL-YAGO [Hoffart

et al., 2011], Zero-Shot RE [Levy et al., 2017], T-REx [Elsahar et al., 2018], Wizard of Wikipedia [Dinan et al., 2019c] and
ELI5 [Fan et al., 2019].
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models on commonsense reasoning tasks to evaluate the impact of retrieval-augmented instruction tuning

on the LLM’s parametric knowledge and reasoning capabilities. Here we report results on the entire devel-

opment sets. Details of our evaluation datasets, including the evaluation metrics, template and the scoring

functions used, can be found in Table 3.4.

3.3.4 Implementation Details

Retrieval-augmented LM Fine-tuning We use the top-3 retrieved text chunks for a given example (i.e.

k̃ = 3) to generate the fine-tuning instances. To improve fine-tuning efficiency, we pack multiple examples

up to the language model context window limit (2048 tokens). Each example is demacrate by a pair of

<bos> and <eos> tokens, and we adopt the document attention masking [Iyer et al., 2022] such that a

token only attends to the previous tokens in the same example. We use a dataset mixture that contains 10%

unsupervised text and 5% OASST-1 data. For the remaining datasets, we establish a cap on the number

of examples per dataset at η = 7500 based on the model performance on our development set.8 We then

randomly sample batches in accordance with this adjusted mixture probability.

64-shot Eval Task Fine-tuning Table 3.5 summarizes our hyperparameters for 64-shot fine-tuning on

the 9 KILT eval tasks shown in Table 3.3 except for MMLU. Given the small amount of examples used

(64 × 9 = 576), we fine-tune for a significantly less number of steps at this stage without using warm-

up. We evaluate the model every 50 steps, and select the best checkpoint based on the average dev set

performance over the 6 development KILT tasks shown in Table 3.4.

Model peak lr end lr lr scheduler warm-up # steps
early
stopping batch size

model
parallel seq len

LLAMA 65B 1e-5 1e-6 linear 0 100 100 8 8 2048
RA-DIT 13B 1e-5 1e-6 linear 0 100 50 32 2 2048
RA-DIT 65B 1e-5 1e-6 linear 0 100 50 32 8 2048

Table 3.5: Hyperparameters for 64-shot fine-tuning on the eval tasks.

Retriever Fine-tuning We employ both unsupervised text and downstream tasks for retriever fine-tuning.

For the corpus data, we randomly sample 900k text chunks from our retrieval corpus to form a set of
8We did not thoroughly tune this parameter to avoid overfitting to the development sets.
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self-supervised data, using the first 50 tokens of each chunk as the input x and the last 50 tokens as the

ground-truth output y. In addition, we leverage the multi-task instruction tuning datasets (MTI data) as

shown in Table 3.2, including 10 open-domain question answering and dialog tasks, with a total of 286k

training examples. As discussed in §3.5.1, we observe that, when used alone, the corpus data works slightly

better than the downstream tasks. However, combining both types of fine-tuning data yields the best results

and outperforms using either source alone. Therefore, we adopt a mixture of 95% corpus data and 5%

downstream tasks for retriever fine-tuning in our final model.

We fine-tune the DRAGON+ retriever on 16 A100 GPUs using the dpr-scale codebase9. The retriever is

fine-tuned using a learning rate of 1e-5 with 1237 warmup steps (DRAGON default), a per-GPU batch size

of 32, and a temperature τ = 0.01, for a single epoch over a combination of 5% MTI data and 95% corpus

data. We adopt the KL-divergence loss as discussed in Section 3.2.4 using the top-10 retrieved chunks for

each example. For simplicity and efficiency, we produce the top-10 retrieved chunks and their LSR scores

(Eqn. 3.4) using LLAMA 65B and DRAGON+, and do not update them during R-ft. Furthermore, as only the

query encoder is fine-tuned, there is no need to update the chunk embeddings in the retriever index. Model

validation is performed once every 500 steps using the same mean reciprocal rank (MRR) metric as in the

original DRAGON paper [Lin et al., 2023a], on a combined validation set from the 10-task MTI data.

Inference Without further specification, we use the top-10 retrieved text chunks for a given example (i.e.

k = 10) and ensemble their predictions during inference. For multi-choice tasks, we compute the weighted

average probability of each choice items according to Eq. 3.2 and select the choice with the highest prob-

ability. For generation tasks, we perform decoding using each augmented prompt independently, compute

the weighted average probability of each unique generated answer, and output the answer with the highest

probability.10 When computing probabilities of output answers, we use several scoring functions: “nll”,

“nll_char”, “nll_token”, and “nll_compl”. “nll” is the sum of negative log likelihood across all tokens in the

sequence. “nll_char” and “nll_token” are “nll” divided by the numbers of characters and subword units in

output answers respectively. “nll_compl” selects answers based on the probability divided by the probability

9https://github.com/facebookresearch/dpr-scale
10A more sophisticated implementation of ensembling for generation tasks involves computing a weighted ensemble of the output

distribution at every step and then sampling from this distribution. However, we opt for the simpler implementation as it performs
reasonably well and allows us to execute inference with fewer GPUs.
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of the answer given “Answer:”: p(y|x)
p(y|“Answer:”) .

3.4 Main Results

Knowledge-Intensive Tasks We report the main results in Table 3.6. In particular, RA-DIT is compared to

LLAMA [Touvron et al., 2023a] as well as REPLUG [Shi et al., 2023b], in both 0-shot and 5-shot settings. We

first observe that REPLUG works much better than the base LLAMA 65B, confirming the benefits of RALMs

on knowledge-intensive tasks. Furthermore, RA-DIT significantly outperforms REPLUG (+8.9% in 0-shot

and +1.4% in 5-shot on average over MMLU, NQ, TQA and ELI5) and achieves the best performance on

most datasets. This corroborates our claim that combining off-the-shelf LLMs and retrievers is sub-optimal,

and our dual instruction tuning approach is an effective way of retrofitting LLMs with retrieval capabilities.11

We also compare with ATLAS, a state-of-the-art encoder-decoder based RALM that jointly pre-trains the

language model and the retriever. Here we adopt a 64-shot setting similar to Izacard et al. [2022b] with the

following differences. While ATLAS conducts 64-shot fine-tuning for each individual task and reports the

performance of task-specific models, we continuously fine-tune the RA-DIT checkpoint using the 64-shot

examples from all tasks combined, and report the performance of a single model across tasks. As shown in

Table 3.6, despite using a single model, RA-DIT outperforms ATLAS by an average of 4.1 points, achieving

higher performance on 6 out of the 8 datasets.

Commonsense Reasoning We benchmark RA-DIT 65B on a set of commonsense reasoning tasks to eval-

uate the impact of retrieval-augmented instruction tuning on the LLM’s parametric knowledge and reasoning

capabilities. We hence do not perform retrieval augmentation in this experiment. As shown in Table 3.7,

RA-DIT demonstrates improvements over the base LLAMA models on 7 out of 8 evaluation datasets, in-

dicating that the parametric knowledge and reasoning capabilities of the LLM component are in general

preserved. Maintaining the parametric knowledge in the LLM component is vital as a safety net when the

retriever makes mistakes.

11In comparison to Touvron et al. [2023a], we report lower 0-shot performance for LLAMA 65B on NQ and TQA. By examining
the model generation, we think Touvron et al. [2023a] reported the ratio of responses that contain the ground truth answer string in
the 0-shot setting. We do not post-process the model predictions and report exact match instead.
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Table 3.6: Main results: Performance on knowledge intensive tasks (test sets).

MMLU NQ TQA ELI5 HoPo FEV AIDA zsRE T-REx WoW Avg⋄ Avg

0-shot

LLAMA 65B 51.2 5.2 55.8 19.5 12.5 59.3 0.6 6.7 1.3 15.6 32.9 22.8
LLAMA 65B REPLUG 59.7 28.8 72.6 19.1 32.0 73.3 41.8 50.8 36.3 16.1 45.1 43.1
RA-DIT 65B 64.6 35.2 75.4 21.2 39.7 80.7 45.1 73.7 53.1 16.4 49.1 50.5

5-shot in-context

LLAMA 65B 63.4 31.6 71.8 22.1 22.6 81.5 48.2 39.4 52.1 17.4 47.2 45.0
LLAMA 65B REPLUG 64.4 42.3 74.9 22.8 41.1 89.4 46.4 60.4 68.9 16.8 51.1 52.7
RA-DIT 65B 64.9 43.9 75.1 23.2 40.7 90.7 55.8 72.4 68.4 17.3 51.8 55.2

64-shot fine-tuned NQ TQA HoPo FEV AIDA zsRE T-REx WoW Avg

ATLAS† 42.4 74.5 34.7 87.1 66.5 74.9 58.9 15.5 56.8
RA-DIT 65B 43.5 72.8 36.6 86.9 80.5 78.1 72.8 15.7 60.9

⋄ Average of MMLU, NQ, TQA, and ELI5.
† ATLAS conducts 64-shot fine-tuning for each individual task and reports the performance of task-specific models. For RA-DIT, we perform

multi-task fine-tuning using a compilation of 64-shot examples from each task, and report the performance of a unified model across tasks.

0-shot BoolQ PIQA SIQA HellaSwag WinoGrande ARC-E ARC-C OBQA Avg

LLAMA 65B 85.3 82.8 52.3 84.2 77.0 78.9 56.0 60.2 72.1
RA-DIT 65B 86.7 83.7 57.9 85.1 79.8 83.7 60.5 58.8 74.5

Table 3.7: Performance on commonsense reasoning tasks (dev sets) in the 0-shot setting without using
retrieval augmentation.

3.5 Analysis

3.5.1 Fine-tuning Strategies

Language Model Fine-tuning We compare LLAMA instruction-tuned with retrieval-augmentation (RA-

IT 65B) to the base language model, as well as LLAMA that is instruction-tuned conventionally12 (IT 65B)

on the same set of tasks. We evaluate all models with in-context retrieval augmentation using the DRAGON+

retriever, adjusting the number of retrieved chunks to 0, 1 or 10. As shown in Table 3.8, while both instruc-

tion tuning methods substantially enhance the 0-shot performance, they offers marginal improvements or

even hurt the model performance in the 5-shot setting for most tasks except for HotpotQA. This observation

aligns with our findings from Chapter 2. HotpotQA is an exception likely because it is from a task category

12Since our instruction tuning datasets include reading comprehension and summarization, the IT models are also exposed to
problem types that depend on background knowledge.
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0 / 5-shot HoPo FEV AIDA zsRE T-REx WoW Avg

LLAMA 65B 12.5 / 23.8 59.6 / 83.7 0.9 / 64.1 9.7 / 36.0 1.2 / 52.3 15.7 / 17.4 16.6 / 46.2
IT 65B 20.0 / 30.0 67.8 / 83.2 8.9 / 58.5 19.0 / 35.4 17.3 / 53.5 16.4 / 16.5 24.9 / 46.2
RA-IT 65B 26.8 / 29.9 65.2 / 84.8 10.7 / 52.9 30.9 / 35.2 24.1 / 52.9 16.5 / 16.5 29.0 / 45.4

top-1 chunk
LLAMA 65B + DRAGON+ 25.8 / 39.4 72.8 / 89.8 39.1 / 50.7 48.8 / 59.6 31.4 / 69.1 15.8 / 17.1 39.0 / 54.3
IT 65B + DRAGON+ 33.3 / 38.8 84.0 / 90.1 43.9 / 50.3 56.8 / 58.2 44.7 / 66.4 15.7 / 15.6 46.4 / 53.2
RA-IT 65B + DRAGON+ 37.6 / 39.1 81.0 / 90.4 41.6 / 52.3 59.6 / 57.9 49.6 / 65.8 16.6 / 16.6 47.7 / 53.7

top-3 chunks
LLAMA 65B + DRAGON+ 29.6 / 40.8 74.9 / 90.3 43.1 / 52.8 55.9 / 62.9 37.2 / 70.8 16.0 / 17.2 42.8 / 55.8
IT 65B + DRAGON+ 35.2 / 40.0 85.7 / 91.2 49.7 / 52.3 56.2 / 61.9 45.9 / 68.6 15.6 / 15.6 48.1 / 54.9
RA-IT 65B + DRAGON+ 39.9 / 40.6 82.4 / 91.7 45.2 / 53.4 63.4 / 61.3 52.8 / 67.6 16.6 / 16.7 50.1 / 55.2

top-10 chunks
LLAMA 65B + DRAGON+ 31.0 / 41.6 75.4 / 90.8 44.8 / 54.0 58.6 / 63.7 40.2 / 71.9 16.0 / 17.8 44.3 / 56.6
IT 65B + DRAGON+ 33.9 / 40.6 87.0 / 91.8 50.5 / 53.8 53.9 / 62.5 45.7 / 69.4 15.6 / 15.7 47.8 / 55.6
RA-IT 65B + DRAGON+ 40.0 / 41.2 82.8 / 92.1 47.2 / 53.5 65.0 / 62.3 54.3 / 69.0 16.5 / 16.6 51.0 / 55.8

Table 3.8: Ablation of language model fine-tuning strategies. All rows report dev set performance.

5-shot MMLU NQ TQA HoPo FEV AIDA zsRE T-REx WoW Avg⋄ Avg

DRAGON+ 62.6 41.8 72.9 41.5 90.6 54.1 63.7 72.1 17.5 56.6 57.4

MTL instruction tuning data 61.1 43.6 74.0 36.5 91.4 64.6 56.7 72.1 17.1 56.4 57.5
corpus data (FT both encoders) 61.7 43.2 73.8 37.5 88.2 69.8 53.5 57.2 17.5 54.0 55.8
corpus data 62.9 43.0 74.3 41.1 91.6 54.4 63.4 71.8 17.4 56.6 57.8
95% corpus + 5% MTL data 63.0 42.1 74.9 41.2 91.6 54.9 65.2 71.6 17.5 57.0 58.0
⋄ Average over the 6 KILT development tasks.

Table 3.9: Ablation of retriever fine-tuning strategies. All rows use the LLAMA 65B model and report
5-shot performance on the dev sets.

covered in our instruction-tuning data. When in-context retrieval-augmentation is applied, all models show

substantial gains in both settings, even when limited to the top-1 chunk. The model performance consis-

tently improves as we include more retrieved chunks. In the 0-shot setting with top-10 retrieved chunks, the

RA-IT 65B model outperforms the IT 65B model by a large margin (51.0% vs. 47.7%). Under this setting,

we observe that retrieval-augmented instruction tuning significantly enhances the LLM’s ability to integrate

information from the retrieved text chunks. The model is able to extract the correct answers from relevant

chunks with greater confidence, while effectively leaning on its parametric knowledge for prediction when

an irrelevant text chunk is present. In § 3.5.4, we also discuss the performance of RA-IT models when

applied to smaller LLAMA models (7B and 13B), showing that it offers even larger performance boost in

those cases.
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Retriever Fine-tuning In Table 3.9, we study different retriever fine-tuning strategies. As mentioned in

§3.2.4, we explore two types of retriever fine-tuning data, the multi-task instruction (MTI) data and the

corpus data. We observe that fine-tuning the retriever with the corpus data alone improves over the base

DRAGON+ model by an average of 0.4 points, whereas fine-tuning using only the MTI data improves by

a smaller margin of 0.1 points. While fine-tuning with the MTI data yields good performance on certain

datasets such as NQ (possibly due to its similarity to the MTI data), fine-tuning with the corpus data appears

to generalize better and leads to stronger overall performance. Furthermore, we experiment with fine-tuning

using both the MTI and corpus data. Table 3.9 shows that fine-tuning with “95% corpus data + 5% MTI

data” achieves the best accuracy across all models, outperforming the non-finetuned baseline by 0.6 points

on average.13

Finally, we also compare jointly fine-tuning both the query and document encoders with only fine-tuning

the query encoder while freezing the document encoder. Table 3.9 shows this experiment conducted using

the corpus data, where freezing the document encoder produces significantly better performance. As a result,

we only fine-tune the query encoder in this work.

3.5.2 Dual Instruction Tuning Ablation

5-shot MMLU NQ TQA ELI5 HoPo FEV AIDA zsRE T-REx WoW Avg

LLAMA 65B + DRAGON+ 61.7 41.7 73.0 22.1 41.6 90.8 54.0 63.7 71.9 17.2 53.8

LLAMA 65B + FTed DRAGON+ 63.0 42.2 74.9 22.2 41.4 91.6 54.9 65.2 71.4 17.4 54.4
RIT 65B + DRAGON+ 64.8 42.8 73.1 23.6 41.2 92.1 53.5 62.3 69.0 16.6 53.9
RIT 65B + FTed DRAGON+ 64.3 43.8 75.0 23.3 42.0 92.3 52.8 65.2 70.1 17.3 54.6

Table 3.10: The impact of LM and Retriever fine-tuning in RA-DIT. 5-shot dev set performance is reported.

We isolate the impact of the language model fine-tuning from retriever fine-tuning in our RA-DIT

method, and illustrate the benefit of each. 14 According to Table 3.10, both LM-ft and R-ft are benefi-

cial when used alone, and outperform the REPLUG using LLAMA 65B and the DRAGON+ retriever. On

the other hand, the most gain can be achieved when combining LM-ft and R-ft in our RA-DIT method,

which outperforms the REPLUG baseline by 0.8 points on average. In our prelimary experiments, we also
13In early experiments, we also tested other mixtures and found that using 5% or 10% MTI data worked the best. (They perform

similarly to each other.)
14Minor performance differences may be observed for the LLAMA 65B + DRAGON+ model in different ablations due to the

differences in few-shot example truncation in long prompts. We ensure all rows within each table are comparable.
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attempted iterative dual instruction tuning by fine-tuning the retriever using LSR scores from the RA-IT LM

or conduct the RA-IT step using passages returned by the fine-tuned retriever, for one or two such iterations,

but did not observe further gains. We leave the exploration of multi-step RA-DIT to future work.

3.5.3 Retriever Settings

5-shot MMLU NQ TQA HoPo FEV AIDA zsRE T-REx WoW ELI5 Avg

LLAMA 65B 61.3 30.9 70.6 23.8 83.7 50.2 36.0 52.3 17.4 23.4 45.0

Retriever ablation using LLAMA 65B and the 399M CC + Wiki corpus
Contriever 59.3 41.2 73.0 32.4 88.1 45.0 40.8 56.1 17.2 21.6 47.5
Contriever-msmarco 62.0 42.1 74.1 38.7 89.3 49.3 60.2 62.9 17.4 21.8 51.8
DRAGON+ 61.7 41.7 73.0 40.8 90.8 48.8 63.7 71.9 17.8 23.8 53.4

Retriever corpus ablation using LLAMA 65B and the DRAGON+ retriever
CC only 62.8 39.6 72.6 34.4 89.5 54.8 30.3 46.2 17.1 22.9 47.0
Wiki 2021 + infobox 62.2 42.0 71.2 41.8 89.8 62.2 65.3 73.1 17.7 22.2 54.8
Wiki 2021 62.2 41.8 71.0 41.7 89.7 62.1 65.2 73.3 17.6 22.2 54.7
Wiki 2018 61.5 42.6 70.7 40.4 90.8 62.1 51.3 59.8 17.6 22.5 51.9

Table 3.11: Retriever settings: We report 5-shot dev set performance using LLAMA 65B and various re-
trievers in the REPLUG setting.

In this section, we study the impact of various retriever choices in our framework. We use LLAMA 65B

as the language model and combine it with different retrievers. Table 3.11 first compares DRAGON+ [Lin

et al., 2023a] with other state-of-the-art retrievers such as Contriever [Izacard et al., 2022a]. All retrieval-

augmented models substantially improve over the LLAMA baseline, and DRAGON+ significantly outper-

forms both Contriever and Contriever-MSMARCO. We hence adopt DRAGON+ as our base retriever in all

experiments.

The bottom section in Table 3.11 shows the impact of varying the retrieval corpora. In particular, we

consider several subsets of our 399M retrieval corpus, namely CommonCrawl only (362M) and Wikipedia

only (with and without infoboxes). We further compare with another Wikipedia snapshot (2018) commonly

used in the literature [Karpukhin et al., 2020]. We observe that retrieving from Wikipedia only is beneficial

for a number of KILT tasks such as AIDA and zsRE, as Wikipedia was the intended corpus for KILT tasks.

We find that Wiki 2018 works better for NQ since the corpus is closer to the date of its data collection, similar

to the observations by Izacard et al. [2022b]. This indicates that our retrieval-augmented LM is faithful to
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Figure 3.2: RA-IT model performance (combined with DRAGON+) across sizes 7B, 13B and 65B on our
development tasks. 0-shot performance: dashed lines; 5-shot performance: solid lines.

the supplied retrieval corpus, and up-to-date information can be provided by updating the retrieval index at

test time.

3.5.4 Scaling Laws of Retrieval Augmented Language Model Fine-tuning

We investigate the impact of the base language model size when retrieval-augmented instruction tuning

is applied, and summarize the results in Figure 3.2. We combine the fine-tuned models with the base

DRAGON+ retriever in this set of experiments.

Overall, all models substantially benefit from retrieval augmentation, with smaller models witnessing

even bigger improvements. We further note that retrieval augmentation can be an effective strategy for

enhancing the performance of smaller models (hence reducing pre-training and inference costs), given the

7B model leveraging > 1 retrieved chunks surpassed the performance of the vanilla 65B model on several

tasks. This trend also differs across tasks. For tasks that primarily measure one-hop fact look-up abilities

(such as Zero-Shot RE and T-REx), retrieval augmentation provides significant improvements across all

71



model sizes and can bring the performance of smaller models closer to that of their larger counterparts. For

more complex tasks (such as HotpotQA and WoW), the advantage of using a larger LLM remains prominent.

3.5.5 Qualitative Analysis

We analyze the performance of the two models on the development set of HotpotQA in the zero-shot setting

since under this setting RA-IT 65B outperforms IT 65B by a large margin. Table 3.12 show two examples

from the HotpotQA development set where RA-IT 65B makes a correct prediction while IT 65B makes a

wrong prediction. First, we observed that the dense retriever struggles to return useful text chunks for the

multi-hop questoins in the HotpotQA dataset and most of the returned text chunks contains no information

that helps the prediction. In this case, the IT 65B model shows a stronger tendency to be misled by distractors

within the retrieved text chunk, since it has not been trained with noisy passages during fine-tuning. It also

tend to predict “I don’t know” more frequently15, while the RA-IT 65B can ignore the noisy passages

retrieved and predict the correct answer based on its parametric knowledge [Mallen et al., 2023]. We also

observe that in cases where both models generate wrong predictions because of the distractors (e.g. for

the third text chunk in the second example), the generation probability of the wrong answer from RA-IT

65B is much lower; and in cases where both models ignore the noisy passages and rely on the parametric

knowledge to make a prediction, RA-IT 65B outputs the correct answer with a higher probability (e.g. for

the second text chunk in the first example).

3.6 Related Work

Retrieval-Augmented Language Models RALMs augment LMs with a non-parametric memory to facil-

itate external knowledge access and provide provenance [Guu et al., 2020; Lewis et al., 2020b; Borgeaud

et al., 2022; Shi et al., 2023b]. Previous work have proposed different ways of fusing the LM and the non-

parametric component. For example, RETRO [Borgeaud et al., 2022] and FiD [Izacard and Grave, 2021]

leverage separate encoder modules to encode the retrieved content, which are integrated with the backbone

LM via cross-attention. A more widely adopted approach directly augments the LM input with the retrieved

15As discussed in §3.2.2, this behavior is induced by fine-tuning on SQuAD v2.0 [Rajpurkar et al., 2018], which trains the model
to predict “I don’t know” for passages that does not match with the given question.
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content [Guu et al., 2020; Lewis et al., 2020b; Shi et al., 2023b]. This approach yields competitive results

with a moderate inference cost increase, as the LM can effectively contextualize the retrieved content and the

original prompt through multi-layer self-attention. RA-DIT is grounded in the in-context RA framework for

its simplicity and practicality. Instead of performing extensive pre-training [Guu et al., 2020; Borgeaud et al.,

2022; Izacard et al., 2022b], we propose a lightweight fine-tuning recipe that primarily utilizes downstream

data, and demonstrate improved few-shot generalization of the fine-tuned RALM on knowledge-intensive

language tasks.

Instruction Tuning Instruction tuning has been proposed to align pre-trained LLMs to follow natural

language instructions and avoid extensive prompt engineering [Ouyang et al., 2022a; Wei et al., 2022a;

Chung et al., 2022a; Wang et al., 2022a; Iyer et al., 2022]. We propose retrieval-augmented instruction

tuning (RA-IT) as part of our dual instruction tuning framework to improve the LM’s ability to leverage

retrieved information. Concurrent work has also applied instruction tuning to other RALM architectures.

Notably, Wang et al. [2023a] fine-tunes the backbone LM in the RETRO architecture while freezing the

cross-attention module and the memory encoder. In comparison, RA-DIT fine-tunes both the LM and the

retriever while decoupling the fine-tuning processes of the two components.16 Asai et al. [2023] fine-tunes

an LM to adaptively retrieve passages on demand and reflect on the relevancy of the retrieved passages and

its generation using special-token markups. In comparison, RA-DIT is trained using a supervised fine-tuning

objective and does not explicitly generate reflection tokens. The most relevant work to ours is SAIL [Luo

et al., 2023], an approach that fine-tunes the LM with instructions augmented with retrieved content, and

examines it on public instruction following datasets [Taori et al., 2023; Chiang et al., 2023] using a mod-

erately sized model (7B parameters). In comparison, RA-DIT conducts parallel retrieval-augmentation for

multiple retrieved passages while SAIL concatenates them in the LM context. Furthermore, RA-DIT adopts

a holistic view of the RALM architecture by employing a learnable neural retriever and proposing a dual

optimization framework. SAIL, in comparison, leans on non-differentiable retrievers such as BM25 and

focuses on improving the LM (e.g. it proposes an in-context retrieval selection technique to guide the model

focus towards informative content).

16Although the differences in the base LMs, fine-tuning datasets and inference settings make direct comparisons between the two
models challenging, RA-DIT 65B compares favorably to InstructRetro 48B [Wang et al., 2023a] in zero-shot setting on the shared
evaluation datasets.
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Information Retrieval Retrieval methods include sparse retrievers that does matching over a sparse bag-

of-words representation [Robertson and Zaragoza, 2009; Formal et al., 2021], dense retrievers that embed

queries and documents into a fixed-size dense vector for nearest-neighbor search [Karpukhin et al., 2020;

Xiong et al., 2021], and multi-vector retrievers which uses multiple vectors as the representation and more

complex search algorithms for increased accuracy [Khattab and Zaharia, 2020; Li et al., 2023]. We adopt a

state-of-the-art dense retriever, DRAGON [Lin et al., 2023a], as our base retriever, because of its simplicity,

state-of-the-art accuracy, high retrieval efficiency on GPUs, and the ease of further fine-tuning.

3.7 Conclusion

In this chatpter, we proposed RA-DIT, a lightweight Retrieval-Augmented Dual Instruction Tuning frame-

work that can effectively retrofit any pre-trained LLM with retrieval capabilities. RA-DIT updates the LLM

with retrieval-augmented instruction tuning to make better use of retrieved knowledge and ignore irrelevant

or distracting information. It also fine-tunes the retriever with supervision from the LLM to retrieve texts

that can better help the LLM generate correct outputs. RA-DIT achieves state-of-the-art performance in

zero- and few-shot evaluations on knowledge intensive benchmarks, surpassing un-tuned in-context RALM

approaches such as REPLUG and compete effectively against methods that require extensive pre-training

such as ATLAS.
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Table 3.12: Example predictions in HotpotQA (dev set) in the 0-shot setting ensembling 10 retrieved text
chunks. The top-3 retrieved chunks and the corresponding model predictions are shown. RA-IT 65B and IT
65B are used to generate these outputs.

Prompt pR
Output nllLM

RA-IT IT RA-IT IT

Input: Charlotte Hatherley initially came to prominence in a band formed in what year? Label: 1992.
RA-IT 65B final prediction: 1992 ✓
IT 65B final prediction: 1997 ✗

Background: Charlotte Hatherley Born in London, Hatherley was brought up in West London and
attended Chiswick Community School. Her music career began at the age of 15, when she joined
British punk band Nightnurse. Two years later, with Ash looking for a guitarist to add to their live
sound, Hatherley was hired after frontman Tim Wheeler saw her play at a Nightnurse gig. Hatherley’s
Ash debut was at Belfast’s Limelight on 10 August 1997, and the following week the new lineup
played the 1997 V Festival in front of 50,000 people. Her recording career with the band began later
that year on the single Ä Life Less Ordinaryänd continued on the album Nu-Clear Sounds in 1998.
Hatherley was a full-time member of Ash for eight years, playing on three studio albums, and wrote
a handful of the band’s songs, most notably G̈rey Will Fade,̈ on the B-side of the single T̈here’s a
Star.̈ The song was a cult favourite among fans, and eventually became the title track of Hatherley’s
debut solo album. On 20 January 2006 it was announced that Hatherley would be leaving Ash in
an amicable breakup.\n\nQ: Charlotte Hatherley initially came to prominence in a band formed in
what year?\nA:

0.27 1992 1997 1.16 1.01

Background: WM: Charlotte Hatherley only... so CD fans might still have to shell out big bucks for
an import. Oh, in case you were wondering who Hatherley is, I first heard of her as the g̈irl guitaristïn
the band Ash - a band that I have been a fan of since the early 90s when I was getting into all these
Britpop-type bands. She naturally started doing her own solo material and left the band a few years
ago. The last I heard of her was she was in the band new waver Client with Kate Holmes (not to be
confused with the\n\nQ: Charlotte Hatherley initially came to prominence in a band formed in what
year?\nA:

0.21 1992 1992 0.46 0.98

Background: Charlotte Hatherley Charlotte Franklin Hatherley (born 20 June 1979) is an English
singer, songwriter, guitarist and soundtrack composer. She initially came to prominence as guitarist
and backing vocalist for alternative rock band Ash. Since leaving Ash in 2006, she has pursued
a solo career and acted as a touring instrumentalist for Bryan Ferry, KT Tunstall, Bat for Lashes,
Cold Specks, Rosie Lowe and Birdy. Hatherley has also been a touring member of NZCA Lines and
is currently musical director for South African artist Nakhane.\n\nQ: Charlotte Hatherley initially
came to prominence in a band formed in what year?\nA:

0.13 1992 I don’t
know.

0.54 0.72

Input: Oxley Highway ends at a coastal town that had how many inhabitants in June 2016 ? Label: 45,698.
RA-IT 65B final prediction: 45,698 ✓
IT 65B final prediction: I don’t know. ✗

Background: Oxley Electorate: Ipswich Motorway: 1 Dec 2016: House debates (OpenAustralia.org)
Oxley Electorate: Ipswich Motorway The Ipswich Motorway is a vital link supporting the Queens-
land economy. It forms part of the national land freight network providing connectivity for industry
to the Acacia Ridge intermodal facility, the major industrial area of Wakool and the Brisbane markets
at Rocklea2̆014in the member for Morton’s electorate2̆014which are the state’s largest fruit and veg-
etable markets and a major centre for produce on the east coast. The section of the motorway is over
capacity with 93,000 vehicles on average each day, including up to 12,000 freight vehicles. Numbers
are increasing each year at an average of four\n\nQ: Oxley Highway ends at a coastal town that had
how many inhabitants in June 2016 ?\nA:

0.25 10,000 I don’t
know.

7.27 0.61

Background: Post Offices For Sale NSW | Lotto | Newsagencies | Marlow & Co
South Wales about 390 km north of Sydney, and 570 km south of Brisbane. The
town is located on the Tasman Sea coast, at the mouth of the Hastings River,
and at the eastern end of the Oxley Highway. The town with its suburbs had a population
of 45,698 in June 2016. Port Macquarie is a retirement destination, known for its extensive
beaches and waterways. Port Macquarie has a humid sub-tropical climate with warm, humid
summers and mild winters, with frequent rainfall spread throughout the year. Port Macquarie2̆019s
central business district contains two shopping centres, a marina, the beginnings of\n\nQ: Oxley
Highway ends at a coastal town that had how many inhabitants in June 2016 ?\nA:

0.15 45,698 45,698 0.18 0.38

Background: The Long Paddock - THE LONG PADDOCK The Long Paddock 4x4, 4WD, caravan,
camper trailer, camping products reviews, tests, comparisons by Mark Allen The Long Paddock west,
the Oxley Highway is the track you2̆019ll be aiming for and Tamworth is the major western town of
reference on the map. Once you2̆019re in the main streets of Port, you2̆019ll wonder no more why
in excess of 76,000 people now call the area home. As a rough breakdown, the majority of locals are
25 to 44, followed closely by the 45 to 64 year old bracket 2̆013 just perfect for all you thrill seeking
middle aged folk and laid back grey nomads and let2̆019s not forget about the younger set that now
have oodles of schooling and after-schooling\n\nQ: Oxley Highway ends at a coastal town that had
how many inhabitants in June 2016 ?\nA:

0.12 76,000 76,000 4.85 0.93
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Chapter 4

Multilingualism

In previous chapters, we demonstrated that Language Language Models (LLMs), upon appropriate adapta-

tion, prove to be competitive in both few-shot and zero-shot learning scenarios. However, the pre-training

data of these models is dominated by English [Brown et al., 2020], potentially limiting their cross-lingual

generalization. Parallel to these developments, there has been a growing wave of interest within the com-

munity focused on the investigation of multilingual encoder-only and encoder-decoder language models,

including mBERT, XLM-R, mT5, and mBART [Devlin et al., 2019; Conneau et al., 2020; Xue et al., 2021;

Liu et al., 2020]. These models are typically fine-tuned on many labeled data when applied to downstream

tasks. The multilingual few-shot learning capabilities of auto-regressive language models, especially when

no parameter updates are performed during inference time, are less well understood.

In this chapter1, we pre-train multilingual auto-regressive language models (up to 7.5B parameters) by

upsampling the medium- and low-resource languages in the pre-training corpus. We evaluate the resulting

models (XGLM) on multiple multilingual natural language understanding (NLU) tasks, machine translation

and a subset of English tasks as featured in Brown et al. [2020]. Our findings indicate that XGLM exhibits

robust few-shot learning performance across a diverse range of languages, with a small sacrifice of its

English performance.

1The work in this chapter was conducted at Meta AI, in collaboration with Xian Li∗, Todor Mihaylov, Mikel Artetxe, Shuohui
Chen, Veslin Stoyanov† and others [Lin et al., 2021]. (∗co-first author, †research leadership)
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Figure 4.1: The % of each language l (l = 1, 2, ..., 30) in XGLM’s pre-training data pre-upsampling (blue),
post-upsampling (green), and its corresponding % in GPT-3’s training data (orange). We truncate the y-axis
at 10% to better visualize the tail distribution.

4.1 Pre-training Data

Language selection and pre-processing. We extend the pipeline used for mining the CC100 corpus [Con-

neau et al., 2020; Wenzek et al., 2020] to generate CC100-XL, a significantly larger multilingual dataset

covering 68 Common Crawl (CC) snapshots (from Summer 2013 to March/April 2020) and 134 languages.

Our pretraining data include 30 languages covering 16 language families. We group the languages into four

resource tiers: high, medium, low and extremely-low, based on the amount of data they have after filtering.

Let Xl be the number of tokens of a language l in the pre-training data, we define the resource tier according

to the following criteria high: Xl ≥ 48B, medium: 5B ≤ Xl < 48B, low: 0.1B ≤ Xl < 5B, extemely-low:

Xl < 0.1B. Following previous work on multilingual pre-training [Conneau et al., 2020], we up-sampled

the medium and low resource languages to create a more balanced language distribution. Figure 4.1 shows

the language distribution of our pre-training data before (blue) and after (green) up-sampling.2

Joint sub-word vocabulary. We process all languages with a joint vocabulary of size 250k created through

unigram language modeling [Kudo, 2018], using the SentencePiece library [Kudo and Richardson, 2018].

We train the unigram-LM model using 10 million sentences randomly sampled from a subset of the pre-

training data, according to the multinomial distribution defined in Lample and Conneau [2019] with α = 0.3.

2We inadvertently over-sampled some of the less resourced languages which is reflected in the statistics of ko, fi, th, bg, ca, hi,
et languages, as shown in Figure 4.1. We did not ablate the effect of this mistake due to the extreme computational cost. Studying
optimal language balancing is an important area for future work.
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4.2 Models

We train decoder-only language models with the transformer architecture similar to GPT-3. This allows

us to study the effect of scaling up model size along both width and depth dimensions. As a result, we

compare four models with 564M, 1.7B, 2.9B and 7.5B parameters, respectively. The architecture details

are summarized in Table 4.1. Our models match the dimension of GPT-3 models except for the additional

embedding parameters from a larger vocabulary.3 All models are trained for up to 500B tokens, with a

context length of 2048 tokens.

GPT-3 XGLM

size l h size l h

125M 12 768 —
355M 24 1024 564M 24 1024
760M 24 1536 —
1.3B 24 2048 1.7B 24 2048
2.7B 32 2560 2.9B 48 2048
6.7B 32 4096 7.5B 32 4096

Table 4.1: Model details. size: number of parameters, l: layers, h: hidden dimension. Models within the
same row have comparable sizes.

Pre-training details. We use the Adam optimizer [Kingma and Ba, 2015] with β1 = 0.9, β2 = 0.98,

ϵ = 1e − 8. We adjust the learning rate based on model size, e.g. 1.5e − 3 for the 564M and 1.7B model,

7.5e − 4 for the 2.9B model, and 1.2e − 4 for the 7.5B models. Learning rates were adjusted with a 2000

warm-up updates followed by a polynomial decay schedule. All models are trained with data parallel and

an effective batch size of 4M tokens. The XGLM 7.5B model was trained on 256 A100 GPUs for about 3

weeks, at a speed of 311.6k words per second.

4.3 Multilingual and Cross-lingual Prompting

We consider three approaches for generating the prompts for evaluating the XGLM models in multilingual

downstream tasks.
3For XGLM 2.9B we used the optimal depth-to-width parameter allocation for GPT-3 architectures based on rank bottleneck

analysis [Levine et al., 2020]. This allocation is expected to have improved training efficiency. However, this setting did not
converge for XGLM 7.5B in our experiments, and we fell back to the original GPT-3 setup.
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Task Category Dataset Template Candidate Verbalizer

Reasoning
XCOPA

cause: {Sentence 1} because [Mask]

Identity
effect: {Sentence 1} so [Mask]

XStoryCloze {Context} [Mask]
XWinograd {Context} (with ’_’ replaced by [Mask])

NLI XNLI {Sentence 1}, right? [Mask], {Sentence 2} Entailment: Yes | Neural: Also | Contradiction: No

Paraphrase PAWS-X {Sentence 1}, right? [Mask], {Sentence 2} True: Yes | False: No

Translation WMT, FLORES-101 {Source sentence} = [Mask] Identity

Table 4.2: Handcrafted (en) prompts for multilingual NLU and translation tasks.

• Handcrafting prompts. The first approach is to ask native speakers of the target language to hand-

craft the prompts. Prompts created this way are expected to be natural and grammatically sound.

Nonetheless, language expertise is expensive and we further consider two alternatives.

• Translating from English prompts. We assume sourcing high-quality prompts for a given task in

English is relatively straightforward [Bach et al., 2022]. As shown in Table 4.2, we characterize

prompts as verbal and non-verbal. Non-verbal prompts do not contain words in any particular lan-

guage (e.g. the StoryCloze and WMT prompts), while verbal prompts have different realizations in

different languages (Table 4.3). Non-verbal prompts can easily generalize across languages.4 If the

prompt is verbal, we translate it into the other languages using Google translation APIs.5

• Cross-lingual prompting. The third approach which directly applies the prompts in English (or

another high-resource language) to non-English examples. We expect this approach to be competitive,

as a result of the cross-lingual capability of the model after being trained on a diverse set of languages.

Task Lang Template
Candidate Verbalizer

Entailment Contradiction Neutral

XNLI
en {Sentence 1}, right? [Mask], {Sentence 2} Yes No Also
zh {Sentence 1}[Mask]，{Sentence 2} 由此可知， 所以，不可能 同时，
es {Sentence 1}, ¿verdad? [Mask], {Sentence 2} Sí No Además

Table 4.3: Handcrafted multilingual prompts. English (en), Chinese (zh) and Spanish (es) for XNLI.

4Different languages may have different punctuation systems. We try to ensure consistency in punctuation according to each
language’s standards when mapping a template across languages.

5https://cloud.google.com/translate
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Temp. en zh es hi Avg

En (HW) 50.8/50.6 48.5/47.7 37.5/44.4 44.0/45.5 45.2/47.0
Zh (HW) 33.5/35.5 33.5/36.4 34.5/34.8 36.0/34.0 34.4/35.1
Es (HW) 39.2/49.9 44.8/45.3 46.2/48.2 41.5/43.5 42.9/46.7
Hi (HW) 45.0/43.5 39.5/41.0 34.2/40.5 36.2/40.5 38.8/41.4
Multi. (HW) 50.8/50.6 33.5/36.4 46.2/48.2 36.2/40.5 41.7/43.9
Multi. (MT) 50.8/50.6 35.8/39.5 36.5/45.0 41.0/39.9 41.0/43.8
Multi. (HT) 50.8/50.6 38.5/41.2 46.0/48.1 37.5/38.9 43.1/44.7

Table 4.4: 0/4-shot performance of XGLM 7.5B, evaluated on the first 400 examples of XNLI (develop-
ment set in en, zh, es and hi) using different prompting approaches. Top: all inputs are instantiated with
templates in the language specified in column 1. Bottom: all inputs are instantiated with templates in the
same language as themselves. HW: human-written. MT: machine-translated. HT: human-translated.

4.4 Evaluation Tasks

Multilingual tasks. We select four multilingual tasks spanning commonsense reasoning (XCOPA), anaphora

resolution (XWinograd), natural language inference (XNLI) and paraphrasing (PAWS-X) for our down-

stream evaluation. We also created a new dataset, XStoryCloze, by professionally translating the validation

split of the English StoryCloze dataset (Spring 2016 version) to 10 other typologically diverse languages

(ru, zh Simplified, es Latin American, ar, hi, id, te, sw, eu, my). We further split the translated data into

train and test (20% vs. 80%, respectively) for each language, keeping the parallel sentence mapping in both

splits.

Machine Translation. We also report machine translation results on a subset of the FLORES-101. This

dataset consists of 3001 sentences extracted from English Wikipedia which cover a variety of different topics

and domains, professionally translated in 101 languages [Goyal et al., 2022].

4.5 Experiments

4.5.1 Cross-lingual Transfer through Templates

We first compare different multilingual prompting approaches proposed in §4.3 by evaluating XGLM 7.5B

using different settings on XNLI. Native speakers among the authors handcrafted6 the prompts for the fol-

6The native speakers were instructed to create a prompt that convert the task into a natural cloze-style question in their native
language with no further restrictions.
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lowing languages: en, zh, es and hi, as shown in Table 4.3. We compare the performance of these human-

written prompts to English prompts, machine-translated (MT) prompts and human-translated (HT) prompts.

The results are shown in Table 4.4. We observe that the English templates perform the best on average across

languages. In particular, it significantly improves the performance of Chinese (zh) and Hindi (hi) over their

native templates and translated templates. On the other hand, some language (es) still signiifcantly bene-

fit from using the native prompt, indicating significant room for future work on language-specific prompt

optimization.

We further examine if the ability of universal prompting is English specific, and in addition, what con-

ditions can effectively induce cross-lingual transfer through templates. To this end, we apply each of the

human-written non-English templates to the rest of the languages. As shown in Table 4.4, using the Spanish

prompt yields competitive 0- and 4-shot performance across all languages, with the 4-shot average perfor-

mance being comparable to that of the English template. The Hindi template also achieves significantly

above random performance on the XNLI tasks for most languages (especially en). The Chinese template,

however, achieves near random performance for all languages on XNLI.7 We hypothesize that shared vo-

cabulary and the amount of code-switching text in the pre-training data play a significant role in enabling

cross-lingual transfer through template. And in general, high-resource languages with more pre-training

data and higher vocabulary overlap with other languages act as better universal prompting languages. We

leave the systematic verification of this hypothesis to future work.

4.5.2 Cross-lingual Transfer through Demonstration Examples

We examine XGLM 7.5B’s ability of learning from cross-lingual demonstration examples on XNLI. We ex-

amine two settings for each train-eval language pair: same-language-prompting, where the prompt templates

and the example are in the same language, and source-languauge-prompting where the prompt templates for

both the demo and test examples are in the source language. We use the human-translated prompts for

same-language-prompting.

Table 4.5 shows results on a subset of language pairs of XNLI, where we evaluate transfer through

7It is noteworthy that even when combined with zh examples, the zh template performs poorly. The same holds true for hi. A
plausible explanation for this could be that the non-English data in XNLI, being translated from the English NLI dataset, may not
adequately reflect the Chinese and Hindi culture, resulting in less authentic content in these languages.
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high medium low
en ru tr ar hi

medium low medium low
prompt type bg el th tr vi hi sw ur bg ur sw ur

Same-lang 2.55 0.98 2.16 1.27 2.23 2.51 -0.69 1.21 -2.49 -0.38 -1.64 3.31

Source-lang -4.59 -2.44 7.87 -4.97 -1.08 2.01 -1.15 7.42 -1.43 6.67 -5.86 2.31

Table 4.5: Learning from cross-lingual demonstrations on XNLI, evaluated on the test set. The results
are the absolute improvement over the zero-shot performance for the evaluated language using human-
translated prompts. The first language group refers to the source language and the second one refers to the
target language. Same-lang refers to a setting where the template is in the example language and source-lang
refers to a setting where the template is only in the source language.

demonstration examples from in-context demonstration examples from high-resource languages to lower-

resourced ones, and between languages that are typologically similar. We report the difference between the

32-shot learning results and the 0-shot learning results. The non-English templates in this experiment are

obtained via human-translation. While they typically demonstration using demonstration examples in the

same language, most cross-lingual few-shot settings significantly improve over the 0-shot setting for the

target language. We found Bulgarian an interesting exception, as it does not benefit from Russian examples

despite being in the same language family. Another language that does not work well in the cross-lingual

settings is Swahili (low resource), for which we examined transfer from English (high resource) and Arabic

(medium resource). In contrast, Thai (medium) and Urdu (low resource) significantly benefit from cross-

lingual demonstrations8.

4.5.3 Performance on Machine Translation

We report machine translation results on a subset of FLORES-101 [Goyal et al., 2022] in Table 4.6. We use

greedy decoding for both GPT-3 and our own model, and use the same 32 examples for few-shot learning in

each case. XGLM obtain solid results across the board. In addition to surpassing GPT-3 in 171 out of 182

language pairs in the FLORES-101 set, it is also competitive with the official supervised baseline for this

dataset, even surpassing it in 45 language pairs. This suggests that large-scale multilingual language models

8Both Thai and Urdu obtained close-to-random zero-shot learning performances using the translated templates, which might
make them easier to be further improved. Besides, there is inherent code switching in these languages (English presence in Thai
and Urdu both lexical and morphological). Turkish and Arabic also have influence on Urdu. We hypothesize that these factors also
positively impacted the cross-lingual in-context learning performance.
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have a great potential for building machine translation systems for low-resource languages, even if little or

no parallel data is available.

en de fr ca fi ru bg zh ko ar sw hi my ta Avg.

avg out of xx
Supervised 24.0 21.0 20.4 19.1 17.5 18.6 20.2 15.5 14.9 16.1 16.6 16.2 7.2 4.8 16.6

GPT-3 6.7B 9.9 9.1 9.4 9.3 6.4 7.0 5.5 4.9 2.4 2.9 1.7 0.5 0.2 0.3 5.0
XGLM 7.5B 21.1 16.5 17.1 13.6 13.4 13.2 13.9 9.1 6.5 10.4 12.1 9.8 6.9 7.1 12.2

avg into xx
Supervised 26.0 20.2 26.7 20.0 16.7 18.5 24.5 14.1 13.5 11.8 16.3 19.3 2.1 2.5 16.6

GPT-3 6.7B 18.9 9.9 14.2 9.3 4.2 4.8 2.7 4.0 0.6 0.5 0.2 0.3 0.1 0.1 5.0
XGLM 7.5B 28.5 14.9 20.6 14.4 10.9 12.4 18.5 10.9 5.9 6.1 8.5 9.7 5.8 3.5 12.2

Table 4.6: Results on the FLORES-101 dev set. The results are measured in spBLEU computed using the
implementation from Goyal et al. [2022]. GPT-3 6.7B and XGLM 7.5B use 32 examples from the dev set
for few-shot learning. Supervised results correspond to the M2M-124 615M model from Goyal et al. [2022].

4.5.4 Performance on English Tasks

Figure 4.2: Performance on English tasks. For XGLM 7.5B and XGLM-EN, we plot the confidence interval
from 5 different runs corresponding to different training sets when k > 0. For GPT-3 6.7B we use the
performance reported by Brown et al. [2020].

We also benchmark the performance of XGLM 7.5B on English tasks. Figure 4.2 shows the comparison

between XGLM 7.5B, GPT-3 6.7B and XGLM-EN on a subset of English tasks used by Brown et al. [2020].

Our replication of GPT-3 6.7B, XGLM-EN, performs better than or close to GPT-3 6.7B on all tasks. While

XGLM 7.5B performs competitively on all tasks, there remains a considerable performance gap comparing

to GPT-3 6.7B and XGLM-EN. On most tasks XGLM 7.5B and XGLM-EN show similar performance trend
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as k changes. For example, both models show a performance dip at 1-shot on HellaSwag and PIQA, and

128-shot on COPA.

There are multiple reasons why XGLM 7.5B underperforms English centric models on the English tasks.

First, only 32.6% of XGLM 7.5B’s 500B-token training data is English while both English-centric models

are trained on close to 300B English tokens. Second, the model capacity of XGLM 7.5B is shared by 30

languages, and the “curse of multilinguality” can degrade the performance across all languages [Conneau

et al., 2020]. Further scaling up the model capacity and training data can potentially close this gap. The

differences between the training corpora of the three models may have also contributed to the performance

difference. While both English centric models incorporate high-quality English monolingual corpora such

as BookCorpus [Zhu et al., 2015] in their training data (GPT-3 6.7B also upsamples such high-quality data),

XGLM 7.5B is trained solely on data extracted from Common Crawl. However, we do not expect this to be

the main impact factor. [Le Scao et al., 2022] conducted a similar experiment showing that a multilingual

model (1.3B parameters) pre-trained over 13 languages also significantly underperforms an English model

trained from the same data source in terms of zero-shot generalization.

4.6 Related Work

Language model prompting. Brown et al. [2020] first demonstrated in-context few-shot learning us-

ing the GPT-3 model. This method removes the need for task-specific updates to the model parameters:

the few-shot examples that one would normally use for fine-tuning are provided at inference time to the

same model for each task. On several high-resource Latin language pairs, GPT-3 achieves machine trans-

lation performance that is close to or better than state-of-the-art supervised models, given only a handful of

demonstration examples. Such change in the learning paradigm raises new questions about multilinguality,

which has not been studied as extensively. Winata et al. [2021] evaluates the in-context few-shot learning

abilities of several GPT-2, GPT NEO and T5 on three additional languages (de, es, fr) using multiple NLU

tasks, considering monolingual prompts as well as cross-lingual prompts, demonstrating the multilingual

in-context learning skills of the English GPT and T5 models. Zhao and Schütze [2021] evaluated different

fine-tuning and prompt-tuning [Liu et al., 2021] approaches on XLM-R and demonstrates the effectiveness

of prompting in few-shot crosslingual transfer and in-language training of a multilingual masked language
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model. Blevins and Zettlemoyer [2022] shows that language contamination in pre-training data can ef-

fectively boost the cross-lingual capability of English-centric language models. With a heavier tail of de-

liberately introduced multilingual data, PALM-540B [Chowdhery et al., 2022] later achieves even stronger

few-shot machine translation performance.

Multilingual pre-training. Early multilingual pre-training work train word embeddings over multilingual

corpora [Mikolov et al., 2013]. The multilingual versions of contextualized embedding models such as

BERT [Devlin et al., 2019], RoBERTa [Liu et al., 2019], BART [Lewis et al., 2020a] and T5 [Raffel et al.,

2020] were also developed: mBERT [Devlin et al., 2019], XLM-R [Conneau et al., 2020], mBART [Liu

et al., 2020], and mT5 [Xue et al., 2021]. Such models were trained on a single, multilingual text corpus

such as mC4 [Xue et al., 2021] or CC25 [Liu et al., 2020].

Several approaches have been developed to facilitate cross-lingual transfer, including sub-word tokeniz-

ers which enabled efficient, shared vocabulary learning across languages [Kudo and Richardson, 2018],

joint training for efficient knowledge transfer across languages [Pires et al., 2019; Jiang et al., 2020; Kass-

ner et al., 2021], etc. A notable concurrent work is BLOOM 9, which scales multilingual pre-training to 46

languages and 175 billion parameters.

4.7 Conclusion

We introduce four multilingual generative language models (XGLMs) at different scales, and study their

in-context few- and zero-shot learning capabilities. We show that the few-shot learning capability of XGLM

steadily improves as it scales. Our largest model (7.5B parameters) sets a new state of the art for few-

shot learning in more than 20 languages (including mid- and low-resource languages) on commonsense

reasoning, NLI and machine translation tasks. An in-depth analysis shows the models are highly cross-

lingual, which leads to strong few-shot learning performance in non-English languages.

9https://bigscience.huggingface.co/blog/bloom
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Chapter 5

Discussion and Future Work

In this chapter, we further discuss the approaches introduced in previous chapters and explore potential

future directions.

Instruction Meta-Learning (a.k.a. Instruction Tuning) In Chapter 2 we conducted an ablation study

on fine-tuning OPT-IML models and found that increasing the diversity of tasks during fine-tuning signifi-

cantly improves cross-task generalization. In this study, we used publicly released datasets from the research

community for both fine-tuning and evaluation [Iyer et al., 2022]. These datasets typically provide concise

and precise answers to the given prompts. As a result, they differ in terms of task types, instruction lan-

guage and input/output formats. On the other hand, commercial assistants are primarily designed to handle

tasks that require long-form generation [Ouyang et al., 2022b] and chain-of-thought reasoning [Wei et al.,

2022c]. Recent instruction tuning benchmarks, such as AlpacaEval [Taori et al., 2023], Vicuna [Chiang

et al., 2023], LIMA [Zhou et al., 2023], and others, consist exclusively of such data. Notably, Zhou et al.

[2023] demonstrated that a small set of high-quality, single-turn instruction-following questions consisting

of 1,000 examples can enable an LLM to effectively respond to long-form questions from a wide range of

domains, even those beyond its training set. This suggests that formulating the input and output of fine-

tuning examples as fluent, long-form text can improve the efficiency of instruction-tuning and enhance the

overall interaction experience with the fine-tuned LLM. One potential approach to achieve this is to convert

(manually or semi-automatically) a subset of benchmark examples into the chain-of-thought format and use

them for fine-tuning, which is a direction of improvement for OPT-IML.
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Retrieval Augmentation In Chapter 3, we introduce the Retrieval-Augmented Dual Instruction Tuning

(RA-DIT) approach, which can be used to enhance any LLM with information retrieval capabilities [Lin

et al., 2023b]. We have observed that the performance of the retriever in finding useful information declines

as the input task becomes more complex, such as in HotpotQA [Yang et al., 2018]. This may be due to a

combination of factors, including the degradation of retriever performance for complex inputs and the need

for better query synthesis methods. One possible solution is to first break down complex inputs into simpler

components through a query decomposition stage, as demonstrated by Press et al. [2023] and Asai et al.

[2023]. Another direction for improvement is to further enhance the capabilities of neural retrievers.

Multilinguality In Chapter 4, we present a method for improving the cross-lingual capabilities of pre-

trained multilingual LLMs by up-sampling languages in the tail distribution of a multilingual pre-training

corpus [Lin et al., 2021]. We evaluate the resulting XGLM in an in-context few-shot learning setup and

show that they demonstrate competitive abilities for cross-lingual prompting and learning from examples in

other languages. Including a heavy-tail distribution of languages has been shown to be effective in larger-

scale LLM training, as demonstrated by the training data of PaLM which consists of 22% non-English

languages [Chowdhery et al., 2022]. Recent work [Shaham et al., 2024] also shows that a small set of 40

multilingual examples in an English tuning set can improve the multilingual instruction following capabil-

ities of LLMs such as PaLM-2 [Anil et al., 2023], and monolingual fine-tuning can transfer instruction-

following capabilities to other languages. These findings suggest that multilingual instruction tuning is a

promising next step for improving the cross-lingual capabilities of a multilingual language model.

Multimodality Finally, the approaches and models presented in this thesis are limited to the text modality

only. This significantly limits the tasks that the model can solve and the interaction experience it can enable,

often resulting in a less immersive experience for users. For example, in order to assist UI designers, it

would be beneficial for the LLM to take entire screenshots as input and continuously monitor the user’s past

actions [Lee et al., 2023; Shaw et al., 2023]. Incorporating additional modalities such as images, audio, and

video would also greatly enhance enhance creative generation capabilities, enabling controlled visual docu-

ment generation, audio and video synthesis, and more [Yu et al., 2023; Lu et al., 2023; Team et al., 2023].

Incorporating multiple modalities into an LLM and enabling complex reasoning on top is a challenging task
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and requires significant advancements in multi-modal representation learning and fusion techniques [Agha-

janyan et al., 2023; Liang and Morency, 2023], which is an area that can benefit significantly from future

research.
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