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Large Language Models Catching up?
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Abstract

Upon its release in late 2022, ChatGPT has brought a seismic shift in the entire
landscape of Al both in research and commerce. Through instruction-tuning a large
language model (LLM) with supervised fine-tuning and reinforcement learning
from human feedback, it showed that a model could answer human questions and
follow instructions on a broad panel of tasks. Following this success, interests
in LLMs have intensified, with new LLMs flourishing at frequent interval across
academia and industry, including many start-ups focused on LLMs. While closed-
source LLMs (e.g., OpenAl’s GPT, Anthropic’s Claude) generally outperform their
open-source counterparts, the progress on the latter has been rapid with claims
of achieving parity or even better on certain tasks. This has crucial implications
not only on research but also on business. In this work, on the first anniversary of
ChatGPT, we provide an exhaustive overview of this success, surveying all tasks
where an open-source LLM has claimed to be on par or better than ChatGPT.

1 Introduction

Exactly one year ago, the release of ChatGPT by OpenAl took the Al community and the broader
world by storm. For the first time, an application-based Al chatbot could generally provide helpful,
safe and detailed answers to most questions, follow instructions, and even admit and fix its previous
mistakes. Notably, it can perform these natural language tasks which were traditionally done by
pre-trained then tailored fine-tuned language models such as summarization or question-answering
(QA), seemingly amazingly well. As a first of its kind, ChatGPT has attracted the general public — it
reached 100 million users within just two months of its launch, way faster than other popular apps

like TikTok or YouTubeEI It has also attracted huge business investments, for its potential to cut down
labor cost, automate workflows and even bring new experiences to customers (Cheng et al.,|[2023)).

However, since ChatGPT is not open-sourced and its access is controlled by a private company, most
of its technical details remain unknown. Despite the claim that it follows the procedure introduced in
InstructGPT (also called GPT-3.5) (Ouyang et al.,[2022b), its exact architecture, pre-training data
and fine-tuning data are unknown. Such close-source nature generates several key issues. First,
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Figure 1: Overview of different open-source LLMs on various general benchmarks.

without knowing the internal details such as the pretraining and finetuning procedure, it is hard to
properly estimate its potential risks to the society, especially knowing that LLMs can notoriously
generate toxic, unethical and untruthful content. Second, it has been reported that ChatGPT’s
performance changes over time hindering reproducible results (Chen et al.| 2023d). Third, ChatGPT
has experienced multiple outages, with two major ones only in November 2023 during which the
access to ChatGPT website and its API was completely blocked. Finally, enterprises adopting
ChatGPT may be concerned with the heavy cost of calling APIs, service outages, data ownership and
privacy issues, and other unpredictable events such as the recent boardroom drama about the CEO
Sam Altman’s dismissal to staff rebellion, and his eventual return (REUTERS |source).

Open-source LLMs, on the other hand, offer a promising direction as they can potentially remediate
or bypass most of the aforementioned issues. For this reason, the research community has been
actively pushing for maintaining high-performing LLMs in open-source. However, as it stands today
(as of late 2023), it is widely believed that open-source LLMs such as Llama-2 (Touvron et al.,2023b)
or Falcon (Almazrouei et al., 2023) lag behind their closed-source counterparts such as OpenAl’s
GPT3.5 (ChatGPT) and GPT-4 (OpenAl, [2023b), Anthropic’s Claud or Google’s Bar with
GPT-4 generally assumed to champion them all. However, what is very encouraging is that the
gap is getting narrower and narrower, and open-source LLLMs are quickly catching up. In fact, as
it is illustrated in Figure[I] the best open-source LLMs already perform better than GPT-3.5-turbo
on some standard benchmarks. Yet, it is not a straightforward uphill battle for open-source LLMs.
The landscape is constantly evolving: closed-source LLMs are updated by retraining on newer data
regularly, open-source LLMs are released to catch up, and there is a myriad of evaluation datasets and
benchmarks being used to compare LLMs, making singling out a best LLM especially challenging.

In this survey, we aim to consolidate recent studies on open-source LLMs and provide an overview of
that match or surpass ChatGPT in various domains. Our contributions are three-fold:

* Consolidating various evaluations of open-source LLMs, providing an unbiased and comprehensive
view of open-source LLMs vs. ChatGPT (Figure|[T] Section [3.1).

 Systematically reviewing open-source LLMs that match or surpass the performance of ChatGPT in
various tasks with analysis (Figure[2] Section[3] Section[d.2)). We are also maintaining a live web

page to track the latest updates
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Figure 2: Typology of LLM’s capabilities and best performing open-LLMs. White boxes denote
domains, blue boxes represent specific datasets and orange boxes denote open-sourced LLMs.

* Presenting insights on the trend of open-source LLMs development (Section[.T)), the good practices
to train open-source LLMs (Section 3] and potential issues with open-source LLMs (Section 4.4).

Who can benefit from this survey? This survey aims to serve as a pivotal resource for both the
research community and business sector in understanding the current landscape and future potential
of open-source LLMs. For researchers, it provides a detailed synthesis of the current progress and
evolving trends in open-source LLMs, highlighting promising directions for future investigation. For
the business sector, this survey offers valuable insights and guidance, assisting decision-makers in
evaluating the applicability and benefits of adopting open-source LLM:s.

In the following, we start by introducing background concepts (Section [2), then provide an in-depth
review of open-source LLMs that beat ChatGPT in various domains (Section @, followed by a
discussion on insights and issues of open-source LLMs (Section [, finally we conclude with a
summary (Section [3)).

2 Background

In this section, we briefly describe the fundamental concepts that relate to LLMs.

2.1 Training Regimes

Pre-training All LLM:s rely on large-scale self-supervised pre-training on Internet text data

ford et al., 2018}, Brown et al., 2020). Decoder-only LLMs follow the causal language modeling
objective, through which the model learns to predict the next token conditioning on the sequence

of previous tokens (Bengio et al.,[2000). As per pre-training details shared by open-source LLMs
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(Touvron et al.,|2023a)), sources of text data include CommonCrawﬂ C4 (Raffel et al., 2020), GitHub,
Wikipedia, books, and online discussion exchanges such as Reddit or StackOverFlow. It is widely
acknowledged that scaling the size of pre-training corpus improves the model performance, and works
hand-in-hand with scaling the model size, a phenomenon referred to as scaling laws, and analyzed in
depth in (Hoffmann et al.,[2022a). Modern-day LLMs pre-train on a corpus from hundreds of billions
to several trillions of tokens (Touvron et al.| 2023b; [Penedo et al.,[2023)).

Fine-tuning Fine-tuning aims to adapt a pre-trained LLM to downstream tasks, by updating weights
with the available supervision, which usually forms a dataset orders of magnitude smaller than the
one used for pre-training (Devlin et al.l 2018)). TS5 (Raffel et al.| 2020) was among the first to frame
fine-tuning into a text-to-text unified framework, with natural language instructions describing each
task. Instruction-tuning later extended fine-tuning by training jointly on several tasks (Wei et al.,
2021aj|Aribandi et al., 2021)), each described with natural language instructions. Instruction-tuning
quickly gained in popularity, due to its ability to drastically improve zero-shot performance of LLMs,
including on new tasks (unseen during training), and especially at larger models scale. Standard
instruction-tuning with multi-task supervised fine-tuning (commonly known as SFT) may still not
result in models that follow humans intentions while being safe, ethical and harmless, and can be
futher improved with Reinforcement Learning from Human Feedback (RLHF): human annotators
rank outputs from the fine-tuned model, which are used to fine-tune again with reinforcement learning
(Ouyang et al., [2022b)). Recent work showed that human feedback may be replaced with feedback
from an LLM, a process referred to as Reinforcement Learning from Al Feedback (RLAIF) Bai et al.
(2022b). Direct Preference Optimization (DPO) bypasses the need to fit a reward model to human
preferences as in RLHF and instead directly fine-tunes the policy with a cross-entropy objective,
achieving more efficient alignment of the LLM to human preferences.

A line of work focuses on qguality over quantity when building an instruction-tuning dataset of diverse
tasks: Lima (Zhou et al.| |[2023a) outperforms GPT-3 with a Llama-65B fine-tuned on just 1,000
examples, and Alpagasus (Chen et al., [2023c) improves on Alpaca (Taori et al.,[2023) by cleaning its
instruction fine-tuning dataset from 52k to 9k examples.

Continual pre-training Continual pre-training consists in performing another round of pre-training
from a pre-trained LLM, typically with a lesser volume of data than in the first stage. Such process
may be useful to quickly adapt to a new domain or elicit new properties in the LLM. For instance,
continual pre-training is used in Lemur (Xu et al.,2023d) to improve coding and reasoning capacities,
and Llama-2-long (Xiong et al.,|2023) to extend context window.

Inference There exists several alternative methods for sequence generation with auto-regressive
decoding with an LLM, which differ by the degree of randomness and diversity in the output.
Increasing the temperature during sampling makes outputs more diverse, while setting it to O falls
back to greedy decoding, which may be needed in scenarios necessitating deterministic outputs.
Sampling methods top-k (Fan et al., 2018) and top-p (Holtzman et al., 2019) constrain the pool of
tokens to sample from at each decoding step.

Several techniques aim to improve inference speed, especially at longer sequence length, which
become problematic due to the attention complexity, which is quadratic with regards to input length.
FlashAttention (Dao et al., 2022)) optimizes reads/writes between levels of GPU memory, accelerating
both training and inference. FlashDecoding (Dao et al. 2023) parallelizes the key-value (KV)
cache loading in the attention mechanism, yielding a 8x end-to-end speedup. Speculative decoding
(Leviathan et al., 2023} |Chen et al.,2023b) uses an extra, small language model to approximate next
token distribution from an LLLM, which accelerates decoding without loss of performance. vVLLM
(Kwon et al.| [2023) accelerates LLM inference and serving using PagedAttention, an algorithm for
optimizing memory usage of attention keys and values.

2.2 Task Domains and Evaluation

Properly assessing the capabilities of LLMs remains an active research area, due to the diversity and
breadth of evaluations to perform. Question-answering datasets (Joshi et al.| 2017; [Kwiatkowski
et al.,[2019; |Lin et al.| [2022) are very popular evaluation benchmarks, but new benchmarks tailored
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for LLM assessments have also emerged recently (Dubois et al.; 2023} Beeching et al., 2023} Zheng
et al., [2023). In the following section, we explore LLMs capacities across 6 main dimensions:
general capabilities, agent capabilities, logical reasoning (including maths and coding capacities),
long-context modelling, specific applications such as QA or summarization, and trustworthiness.

3 Open-Source LLMs vs. ChatGPT

3.1 General Capabilities

Benchmarks As numerous LL.Ms are released week upon week, each claiming superior perfor-
mance on certain tasks, it becomes increasingly challenging to identify true advancements and the
leading models. Therefore, it is crucial to comprehensively assess the performance of these mod-
els across a broad spectrum of tasks to understand their general capabilities. This section covers
benchmarks using LLM-based (e.g., GPT-4) evaluation and traditional (e.g., ROUGE (Lin, |2004)) and
BLEU (Papinent et al., 2002)) evaluation metrics.

* MT-Bench (Zheng et al.,|2023)) is designed to test multi-turn conversation and instruction-following
ability from eight perspectives: writing, roleplay, information extraction, reasoning, math, coding,
knowledge I (STEM), and knoweldge II (humanities/social science). Stronger LLMs (e.g., GPT-4)
are utilized as judges to evaluate the models for this benchmark.

* AlpacaEval (Li et al.| 2023d) is an LLM-based automatic evaluator based on AlpacaFarm (Dubois
et al.| 2023) evaluation set, which tests the ability of models to follow general user instructions. It
benchmarks candidate models against Davinci-003 responses utilizing stronger LLMs (e.g., GPT-4
and Claude), which generate the candidate model’s win rate.

* Open LLM Leaderboad (Beeching et al.,2023) evaluates LLMs on seven key benchmarks using
the Language Model Evaluation Harness (Gao et al,[2021)), including AI2 Reasoning Challenge
(Clark et al.;, 2018)), HellaSwag (Zellers et al.,2019), MMLU (Hendrycks et al.|[2021b)), Truthful QA
(Lin et al.} 2022), Winogrande (Sakaguchi et al.,|2019), GSM8K (Cobbe et al.,|2021), and DROP
(Dua et al.,[2019). This framework evaluates LLMs on a variety of reasoning and general knowledge
across a wide variety of fields in zero-shot and few-shot settings.

* BIG-bench (bench authors, [2023)) is a collaborative benchmark aimed to probe LLLMs and extrapo-
late their future capabilities. It includes more than 200 novel language tasks, covering a diverse
range of topics and languages, which are not entirely solvable by existing models.

» ChatEval (Chan et al., [2023) is a multi-agent debate framework, which enables a multi-agent
referee team to autonomously discuss and evaluate the quality of generated responses from different
models on open-ended questions and traditional natural language generation tasks.

* FairEval-Vicuna (Wang et al.,|2023b) utilizes both multiple evidence calibration and balanced
position calibration on a set of 80 questions from the Vicuna Benchmark (Zheng et al., [2023).
FairEval-Vicuna offers a more impartial evaluation outcome within the paradigm of adopting LLMs
as evaluators, which closely aligns with human judgements.

Performance of LLMs Llama-2-
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2-chat-70B variant exhibits enhanced Table 1: Model performance on general benchmarks.

capabilities in general conversational

tasks. In particular, Llama-2-chat-70B achieves a 92.66% win rate in AlpacaEval, surpassing the
performance of GPT-3.5-turbo by 10.95%. Nonetheless, GPT-4 remains the top performer among all
LLMs with a win rate of 95.28%.

Zephyr-7B (Tunstall et al.l[2023), another smaller model, uses distilled direct preference optimization
(Rafailov et al., 2023a)) and achieves comparable results to 70B LLMs on AlpacaEval with a win rate
of 90.6%. It even surpasses Llama-2-chat-70B on MT-Bench, scoring 7.34 against 6.86. Additionally,



WizardLM-70B (Xu et al.||2023a) has been instruction fine-tuned using large amounts of instruction
data with varying levels of complexity. It stands out as the highest-scoring open-sourced LLM on
MT-Bench with a score of 7.71. However, this is still slightly lower than the scores of GPT-3.5-
turbo (7.94) and GPT-4 (8.99). Although Zephyr-7B shows top performance in the MT-Bench, it
falls short in the Open LLM Leaderboard, scoring only 52.15%. On the other hand, GodziLLLa2-70B
(Philippines| 2023)), an experimental model that combines various proprietary LoRAs from Maya

Philippines||and the Guanaco Llama 2 1K dataset (mlabonne} 2023) with Llama-2-70B, achieves a
more competitive score of 67.01% on the Open LLM Leaderboard. Furthermore, Yi-34B pre-trained

from scratch by developers at 01 .AIIZ], stands out among all open-source LLMs with a remarkable
score of 68.68%. This performance is comparable to that of GPT-3.5-turbo, which scores 70.21%.
However, both are still notably behind GPT-4, which leads with a substantial score of 85.36%.
UltraLlama (Ding et al., 2023) utilizes fine-tuning data with enhanced diversity and quality. It
matches GPT-3.5-turbo’s performance in its proposed benchmark while exceeding it in areas of world
and professional knowledge.

3.2 Agent Capabilities

Benchmarks With the recent advancements in scaling up model size, LLM-based agents (also
called language agents) have drawn a great deal of attention from the NLP community. In light of this,
we investigate the agent capabilities of open-source LLMs on a variety of benchmarks. Depending on
the skills required, existing benchmarks can be mainly divided into four categories.

* Using Tools: Some benchmarks have been proposed to evaluate the tool usage capabilities of LLMs.
API-Bank (Li et al., |2023b) is specifically designed for tool-augmented LLMs. ToolBench (Xu
et al.,[2023c]) is a tool manipulation benchmark including various software tools for real-world tasks.
APIBench (Patil et al.l |2023) consists of APIs from HuggingFace, TorchHub, and TensorHub.
ToolAlpaca (Tang et al.| [2023a) develops a diverse and comprehensive tool-use dataset through a
multi-agent simulation environment. Coincidentally, another instruction-tuning dataset constructed
using ChatGPT for tool use is also named ToolBench (Qin et al.l 2023b). Besides, MINT (Wang
et al.,[2023d) can evaluate the proficiency of LLMs in employing tools to solve tasks that necessitate
multi-turn interactions.

* Self-Debugging: Several datasets are available to assess the ability of LLMs to self-debug, including
InterCode-Bash and InterCode-SQL (Yang et al.,[2023b), MINT-MBPP and MINT-HumanEval
(Wang et al.}2023d), and RoboCodeGen (Liang et al., 2023).

* Following Natural Language Feedback: MINT (Wang et al.|[2023d) can also be used to measure
the ability of LLMs to leverage natural language feedback by using GPT-4 (OpenAll 2023b)) to
simulate human users.

* Exploring Environment: ALFWorld (Shridhar et al.,[2020), InterCode-CTF (Yang et al., |2023b)),
and WebArena (Zhou et al.,|2023c) are introduced to evaluate whether LLMs-based agents are
able to gather information from the environment and make decisions.

Performance of LLMs By pre-

training LI i Model Environment NL Feedback
1 ‘g ama-2 llSl.n.g a code- ALFWorld IC-CTF WebAreana Code Generation
intensive corpus gontalnlng QOB to- F—— 70 oo o N
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and code, Lemur-70B-chat (Xu et al.,
2023d) surpasses the performance of ~Table 2: Model performance on several agent benchmarks.

GPT-3.5-turbo when exploring the en-

vironment or following natural language feedback on coding tasks. AgentTuning (Zeng et al., [2023)
conducts instruction tuning with Llama-2 on the combination of its constructed AgentInstruct dataset
and general domain instructions, resulting in AgentLlama. Notably, AgentLlama-70B achieves
comparable performance to GPT-3.5-turbo on unseen agent tasks. Through fine-tuning Llama-2-7B
on ToolBench, ToolLLaMA (Qin et al., [2023b) demonstrates comparable performance to GPT-
3.5-turbo in tool usage evaluations. (Chen et al.| (2023a)) introduce FireAct, which can fine-tune

6Maya (https://www.maya.ph) is a Filipino financial services and digital payments company.
7https://www.Ol.ai
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Llama-2-13B to outperform prompting GPT-3.5-turbo on HotpotQA (Yang et al.,[2018)). In addition,
Gorilla (Patil et al.l 2023), fine-tuned from Llama-7B, outperforms GPT-4 on writing API calls.

3.3 Logical Reasoning Capabilities

Benchmarks Logical reasoning serves as fundamental capability of high-level ability and skill,
such as programming, theorem proving, as well as arithmetic reasoning. To this end, in this section,
we will cover the following benchmarks:

* GSMSK (Cobbe et al.,2021) consists of 8.5K high quality grade school math problems created by
human problem writers. These problems take between 2 and 8 steps to solve, and solutions primarily
involve performing a sequence of elementary calculations using basic arithmetic operations to
reach the final answer.

* MATH (Hendrycks et al., [2021c) is a dataset of 12,500 challenging competition mathematics
problems. Each problem in MATH has a full step-by-step solution which can be used to teach
models to generate answer derivations and explanations.

* TheoremQA (Wenhu et al) [2023)) is a theorem-driven question answering dataset designed
to evaluate Al models’ capabilities to apply theorems to solve challenging science problems.
TheoremQA is curated by domain experts containing 800 high-quality questions covering 350
theorems from Math, Physics, EE&CS, and Finance.

* HumanEval (Chen et al., 2021) is a set of 164 hand written programming problems. Each problem
includes a function signature, docstring, body, and several unit tests, with an average of 7.7 tests
per problem.

* MBPP (Austin et al.|[2021) (The Mostly Basic Programming Problems) dataset contains 974 short
Python programs constructed by crowd-sourcing to an internal pool of crowd workers who have
basic knowledge of Python. Each problem is assigned with a self-contained Python function solving
the problem specified, and three test cases that check for semantic correctness of the function.

» APPs (Hendrycks et al.|[2021a)) is a benchmark for code generation measuring the ability of models
to take an arbitrary natural language specification and generate satisfactory Python code. The
benchmark includes 10,000 problems, which range from having simple one line solutions to being
substantial algorithmic challenges.

Enhanced Instruction Tuning Different from conventional knowledge distillation based instruction
tuning, \Luo et al.[|(2023cla) employed Evol-Instruct (Xu et al.,|2023a) to construct the task-specific
high quality instruction tuning dataset, where the seed instructions have evolved to the ones either
extended in knowledge boundary or the depth of task complexity. Besides, [Luo et al.| (2023a)
also incorporate PPO (Schulman et al., |2017a) algorithm to further improve the quality of both
generated instruction and answer. After obtaining the expanded instruction pool, the new instruction
tuning dataset is generated by collecting responses from another LLM, e.g., GPT-3.5-turbo. Finally,
benefiting from the evolved depth and width of queries, the fine-tuned model achieves even better
performance than GPT-3.5-turbo. For example, WizardCoder (Luo et al.,|2023c) outperforms GPT-
3.5-turbo on HumanEval with 19.1% absolute improvements. And WizardMath (Luo et al., 2023al)
has also obtained 42.9% absolute improvements on GSM8K compared with GPT-3.5-turbo.

Pre-training on Data with Higher Quality Lemur (Xu et al.}2023d) has verified a better mixture
of natural language data and code and induces the LLMs with stronger abilities on function calling,
automatic programming, and agent capabilities. Specifically, Lemur-70B-chat achieves significant
improvements over GPT-3.5-turbo on both HumanEval and GSMS8K without task-specific fine-tuning.
Phi-1 and Phi-1.5 (Gunasekar et al., 2023} |L1 et al.,[2023e) take a different road by using the textbook
as the main corpus for pre-training, which makes the strong abilities observable on much smaller
language models.

3.4 Modelling Long-context Capabilities

Benchmarks Processing long sequences remains one of the key technological bottlenecks of LLMs,
as all models are limited by a finite maximum context window, typically from 2k to 8k tokens
in length. Benchmarking long-context capability of LLMs involves evaluating on several tasks



which naturally have a long context, such as abstractive summarization or multi-document QA. The
following benchmarks have been proposed for long-context evaluation of LLMs:

* SCROLLS (Shaham et al., [2022) is a popular evaluation benchmark made of 7 datasets with
naturally long input. The tasks cover summarization, question-answering and natural language
inference.

* ZeroSCROLLS (Shaham et al.,2023) builds on SCROLLS (discarding ContractNLI, reusing the
6 other datasets, and adding 4 datasets) and only considers the zero-shot setting, evaluating LLMs
out-of-the-shelf.

* LongBench (Bai et al.,, |2023) sets a bilingual English/Chinese long-context benchmark of 21
datasets across 6 tasks.

* L-Eval (An et al., [2023) re-uses 16 existing datasets and creates 4 datasets from scratch to make
a diverse, long-context benchmark, with average length per task above 4k tokens. The authors
advocate for LLM judges evaluation (especially GPT-4) rather than n-gram for long-context
evaluation.

* BAMBOO (Dong et al.l 2023)) creates a long-context LLM evaluation benchmark focused on
removing pre-training data contamination by collecting only recent data in the evaluation datasets.

* M4LE (Kwan et al., 2023) introduces a broad-scope benchmark, splitting 36 datasets in 5 un-
derstanding abilities: explicit single-span, semantic single-span, explicit multiple-span, semantic
multiple-span, and global understanding.

Models On LongBench, L-Eval, BAMBOO and M4LE benchmarks, GPT-3.5-turbo or its
16k version largely outperform all open-source LLMs, such as Llama-2, LongChat, or Vicuna ;
showing that it is not trivial to drive up the performance of open-source LLM on long-input tasks.
Llama-2-long (Xiong et al.l 2023) continues pre-training of Llama-2 with 400B tokens using a
16k context window (up from 4k in Llama-2). The resulting Llama-2-long-chat-70B outperforms
GPT-3.5-turbo-16k by 37.7 to 36.7 on ZeroSCROLLS. Approaches to tackle long-context tasks
include context window extension with positional interpolation (Chen et al.| 2023e), which involves
another (short) round of fine-tuning with longer context window ; and retrieval augmentation (Lewis
et al., 2020), which necessitates access to a retriever to find relevant information. [Xu et al.| (2023b))
combine both these seemingly opposite techniques, pushing a Llama-2-70B above GPT-3.5-turbo-16k
on average over 7 long-context tasks (including 4 datasets from ZeroSCROLLS).

3.5 Application-specific Capabilities

In this section, we discuss the desired capabilities in LLMs to tackle specific applications.

3.5.1 Query-focused Summarization

Benchmarks Query-focused or aspect-based summarization requires to generate summaries with
regard to a fine-grained question or an aspect category. Query-focused datasets include AQualMuse
(Kulkarni et al.| [2020), QMSum (Zhong et al., 2021) and SQUALITY (Wang et al., 2022), while
Aspect-based datasets include CovidET (Zhang et al., [2023a), NEWTS (Bahrainian et al.|, [2022)),
WikiAsp (Hayashi et al., 2021, etc.

Models |Yang et al.|(2023d) finds that standard fine-tuning on training data is still better in perfor-
mance compared to ChatGPT, with an average of 2 points ROUGE-1 improvement over CovidET,
NEWTS, QMSum and SQuALITY.

3.5.2 Open-ended QA

Benchmarks There are two sub-categories in Open-ended QA: either the answers are of short-form
or long-form. Short-form datasets include SQuAD 1.1 (Rajpurkar et al., 2016), NewsQA (Trischler
et al.L[2017), TriviaQA (Joshi et al., 2017, SQuAD 2.0 (Rajpurkar et al.,|2018)), NarrativeQA (Kocisky
et al., [2018)), Natural Question (NQ) (Kwiatkowski et al., 2019), Quoref (Dasigi et al.,|2019) and
DROP (Dua et al.,|2019). Long-form datasets include ELI5 (Fan et al.,|2019) and doc2dial (Feng
et al., [2020). For both short-form and long-form datasets, the evaluation metrics are exact match (EM)



and F1 over words in the answers. Answering Open-ended QA requires the model to comprehend the
provided context, or retrieve related knowledge if there’s no context provided.

Models InstructRetro (Wang et al.}[2023a)) shows large improvement over GPT-3 on NQ, TriviaQA,
SQuAD 2.0 and DROP, while having 7-10 percent improvement compared to a proprietary GPT-
instruct model of similar size, over a range of short-form and long-form open-ended QA datasets.
Initialized from a pretrained GPT model, InstructRetro continues pretraining with retrieval and then

undergoes instruction tuning

3.5.3 Maedical

Benchmarks One desirable capability of LLMs is on contributing medical related tasks to make
affordable, high-quality healthcare more accessible to the broader public.

For mental health, IMHI (Yang et al., 2023c)) benchmark is constructed using 10 existing mental
health analysis datasets, including mental health detection: DR (Pirina & Coltekin, |2018), CLP
(Coppersmith et al.,[2015)), Dreaddit (Turcan & McKeown, 2019)), loneliness, SWMH and T-SID
(J1 et al.} [2022)); mental health cause detection: SAD (Mauriello et al., [2021), CAMS (Garg et al.,
2022); mental risk factors detection: MultiWD (SATHVIK & Garg}, [2023), IRF (Garg et al., 2023).

For radiology, Openl (Demner-Fushman et al.| 2016) dataset and MIMIC-CXR (Johnson et al., [ 2019)
datasets both contain radiology reports with findings and impressions text.

Models For mental health, MentalLLlama-chat-13B (Yang et al., 2023c) finetunes a Llama-chat-13B
model on IMHI training set. MentallLlama-chat-13B model with zero-shot prompting outperforms
ChatGPT with few-shot prompting or with zero-shot prompting for 9 out of 10 tasks in IMHI. |Liu
et al.|(2023) proposes to fine-tune a Llama checkpoint to generate impression text given radiology
report findings. The resulting Radiology-Llama-2 model outperforms ChatGPT and GPT-4 by a large
margin on both MIMIC-CXR and Openl datasets.

3.5.4 Generating Structured Responses

Generating formatted responses in accordance with instructions is a core ability to support agentic
capabilities or simply reduce the manual efforts in parsing or translating model responses.

Benchmarks Rotowire (Wiseman et al.l 2017) contains NBA game summaries with corresponding
score tables. Struc-Bench (Tang et al.,2023b) introduces two datasets: Struc-Bench-Latex of which
the outputs are tables in Latex format, and Struc-Bench-HTML with outputs as tables in HTML
format.

Models Struc-Bench (Tang et al.,[2023b) fine-tunes a Llama-7B model on structured generation
data. The fine-tuned 7B model outperforms ChatGPT on all benchmarks mentioned above.

3.5.5 Generating Critiques

Benchmarks One interesting ability of LLMs is providing feedback or critiques to a response for
a question. To benchmark such ability, one can use human annotators or GPT-4 as an evaluator to
directly rate the critiques. The original questions can come from any dataset of other capabilities
mentioned above.

Models Shepherd (Wang et al., 2023c) is a 7B model initialized from Llama-7B and trained
on community collected critique data and 1,317 examples of high quality human annotated data.
Shepherd generates critiques on a range of diverse NLP datasets: AlpacaFarm, FairEval, CosmosQA
(Huang et al., 2019), OBQA (Mihaylov et al.| 2018a), PIQA (Bisk et al., [2020), TruthfulQA and
CritiqueEval. With GPT-4 as an evaluator, Shepherd wins or equals ChatGPT over 60% of the time.
With human evaluators, Shepherd is almost on-par with ChatGPT.

¥InstructRetro is not yet open-sourced.



Models TruthfulQA FactScore HotpotQA OpenBookQA MedMC-QA  TriviaQA

Playtus 62.26 -
CoVe + Llama-65B - 714 - - -

CoK + GPT-3.5-turbo - - 354 - 73.3 -
CRITIC + GPT-3.5-turbo - - 38.7 - - 75.1
KSL + GPT-3.5-turbo - - - 81.6 - -
PKG + text-davinci-002 - - - - 474 -
Cohen et al.|(2023) + text-davinci-002 - - - - - 83.1

GPT-3.5-turbo 47 58.7 240 78.3 444 793
Table 3: Model performance on hallucination benchmarks.

3.6 Towards Trust-worthy Al

To ensure LLMs can be trusted by humans in real-world applications, an important consideration is
their reliability. For example, concerns on hallucination (Ye & Durrett, [2022}; [Zhao et al., 2023 and
safety (Zhiheng et al., [ 2023b)) could deteriorate user trust in LLMs and lead to risks in high-impact
applications.

3.6.1 Hallucination

Benchmarks Various benchmarks have been proposed for better evaluating hallucinations in LLMs.
Specifically, they consist of both large-scale datasets, automated metrics, and evaluation models.

* TruthfulQA (Lin et al.| [2022)) is a benchmark question-answering (QA) dataset consisting of
questions spanning 38 categories. The questions are crafted such that some humans would falsely
answer them due to misconceptions.

* FactualityPrompts (Lee et al., [2022) is a dataset that measures hallucinations for open-ended
generation. It consists of factual and non-factual prompts to study the impact of prompts on LLM’s
continuations.

* HaluEval (Li et al.| [2023a)) is a large dataset of generated and human-annotated hallucinated
samples. It spans three tasks: question answering, knowledge-grounded dialogue, and text summa-
rization.

* FACTOR (Muhlgay et al., 2023)) proposes a scalable approach for evaluating LM factuality: it
automatically transforms a factual corpus into a faithfulness evaluation benchmark. The framework
is used to create two benchmarks: Wiki-FACTOR and News-FACTOR.

* KoLA (Yu et al.,|2023a) constructs a Knowledge-oriented LLM Assessment benchmark (KoL A)
with three crucial factors: mimicking human cognition for ability modeling, using Wikipedia for
data collection, and designing contrastive metrics for automatic hallucination evaluation.

» FActScore (Min et al 2023)) proposes a new evaluation that first breaks an LLM’s generation into
a series of atomic facts, and then computes the percentage of atomic facts supported by a reliable
knowledge source.

* Vectara’s Hallucination Evaluation Model (Hughes| [2023) is a small language model that is
fine-tuned as a binary classifier to classify a summary as factually consistent (or not) with the source
document. Then, it is used to evaluate and benchmark hallucinations of summaries generated by
various LLMs.

* FacTool (Chern et al.,|2023) is a task and domain agnostic framework for detecting factual errors
of texts generated by LLMs.

Besides the newly introduced hallucination benchmarks, prior QA datasets based on real-world
knowledge are also widely used for measuring faithfulness, such as HotpotQA (Yang et al., 2018)),
OpenBookQA (Mihaylov et al., 2018b), MedMC-QA (Pal et al.,[2022)), and TriviaQA (Joshi et al.,
2017). Besides datasets and automated metrics, human evaluation is also widely adopted as a reliable
measure for faithfulness.

Models There exist several existing surveys on hallucination (Zhang et al., 2023bj |[Rawte et al.,
2023) that investigate potential methodologies in detail. Specifically, the methods that surpass the
current GPT-3.5-turbo performance can be either incorporated during fine-tuning or only at inference
time. Selected performance metrics are shown in Table
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During fine-tuning, improving data quality in correctness and relevance can lead to less-hallucinated
models. |[Lee et al.| (2023a)) curated a content-filtered, instruction-tuned dataset, focusing on high-
quality data in the STEM domain. A family of LLMs is fine-tuned on this filtered dataset and merged.
The resulting family, named Platypus, demonstrates a substantial improvement on Truthful QA
(approximately 20%) compared to GPT-3.5-turbo.

During inference, existing techniques include specific decoding strategies, external knowledge
augmentation, and multi-agent dialogue. For decoding, Dhuliawala et al.| (2023) introduces Chain-of-
Verification (CoVe), where the LLM drafts verification questions and self-verify the responses. CoVe
leads to a substantial improvement on FactScore over GPT-3.5-turbo.

For external knowledge augmention, various frameworks incorporate different searching and prompt-
ing techniques to the current improve GPT-3.5-turbo performance. [Li et al.|(2023c)) designs Chain-of-
Knowledge (CoK), which retrieves from heterogenous knowledge sources before answering. [Peng
et al.| (2023) proposes LLM-AUGMENTER, which augments LLMs with a set of plug-and-play
modules and iteratively revises LLM prompts to improve model responses using feedback generated
by utility functions. Knowledge Solver (KSL) (Feng et al.| [2023) tries to teach LLMs to search for
essential knowledge from external knowledge bases by harnessing their own strong generalizability.
CRITIC (Gou et al.}[2023)) allows LLM to validate and progressively amend their own outputs in a
manner similar to human interaction with tools. |[Luo et al.|(2023b) introduces a Parametric Knowledge
Guiding (PKG) framework, which equips LLMs with a knowledge-guiding module to access relevant
knowledge without altering the LLMs’ parameters. These inference techniques then improve answer
accuracy compared to the naive prompting strategy using GPT-3.5-turbo. Currently, GPT-3.5-turbo
has also incorporated a retrieval plugin (OpenAlL 2023a) that accesses external knowledge to reduce
hallucinations.

For multi-agent dialogue, |(Cohen et al.| (2023) facilitates a multi-turn interaction between the Ex-
aminee LLM that generated the claim and another Examiner LLM which introduces questions to
discover inconsistencies. Through the cross-examination process, performance on various QA tasks
is improved. Du et al.| (2023)) asks multiple language model instances to propose and debate their
individual responses and reasoning processes over multiple rounds to arrive at a common final answer,
which improves on multiple benchmarks.

3.6.2 Safety

Benchmarks Safety concerns in LLMs can mostly be grouped into three aspects (Zhiheng et al.,
2023a): social bias, model robustness, and poisoning issues. To gather datasets that better evaluate
the above aspects, several benchmarks have been proposed:

» SafetyBench (Zhang et al.2023c) is a dataset which consists of 11,435 diverse multiple choice
questions spanning 7 distinct categories of safety concerns.

* Latent Jailbreak (Qiu et al., [2023)) introduces a benchmark that assesses both the safety and
robustness of LLMs, emphasizing the need for a balanced approach.

* XSTEST (Rottger et al) 2023) is a test suite that systematically identifies exaggerated safety
behaviors, such as refusing safe prompts.

* RED-EVAL (Bhardwaj & Poria, [2023) is a benchmark to perform red-teaming (Ganguli et al.,
2022) to conduct safety evaluations of LLMs using a Chain of Utterances (CoU)-based prompt.

Besides automated benchmarks, an important measure for safety is human evaluation (Dai et al.,
2023), where crowdworkers label the responses as safe or harmful. Some studies also attempt to
collect such labels from GPT-4, as research shows that it can replace human evaluators in evaluating
alignment abilities (Chiang & Lee, [2023)).

Models Based on current evaluations (Zhang et al., 2023c; [Rottger et al., 2023), GPT-3.5-turbo and
GPT-4 models remain at the top for safety evaluations. This is largely attributed to Reinforcement
Learning with Human Feedback (RLHF) (Bai et al.| 2022a)). RLHF first collects a human preference
dataset on responses, then trains a reward model to mimic human preferences, and finally uses RL to
train the LLM to align with human preferences. In the process, LLMs learn to demonstrate desired
behaviors and exclude harmful responses such as impolite or biased answers. However, the RLHF
procedure requires collecting a large number of expensive human annotations, which hinders its use
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Figure 3: LLM development timeline. The models below the arrow are closed-source while those
above the arrow are open-source.

for open-source LLMs. To democratize endeavors on advancing the safety alignment of LLMs, Ji
et al.| (2023) gathers a human-preference dataset to disentangle harmlessness and helpfulness from
the human-preference score, thus providing separate ranking data for the two metrics. Experiments
show that disentangling human preferences enhances safety alignment. |[Bai et al.| (2022b) seeks to
increase safety with RL from AI Feedback (RLAIF), where the preference model is trained using
LLM-generated self-critiques and revisions. Direct Preference Optimization (DPO) (Rafailov et al.|
2023a) reduces the need to learn a reward model and learn from preferences directly with a simple
cross-entropy loss, which could largely reduce costs for RLHF. Combining and improving these
methodologies could lead to potential improvements in safety for open-source LLMs.

4 Discussion

4.1 Development Trend of LLMs

Ever since Brown et al.| (2020) demonstrated that a frozen GPT-3 model can achieve impressive zero-
and few-shot performance on a variety of tasks, numerous efforts have been made to advance the
development of LLMs. One line of research focused on scaling up model parameters, including
Gopher (Rae et al.| [2021), GLaM (Du et al., 2022), LaMDA (Thoppilan et al.| [2022), MT-NLG
(Smith et al., [2022) and PaLM (Chowdhery et al.|[2022), culminating at 540B parameters. Despite
exhibiting remarkable capabilities, the closed-source nature of these models limited their widespread
application, thereby leading to a growing interest in developing open-source LLMs (Zhang et al.,
2022; |Workshop et al., 2022).

Rather than scaling up model size, another line of research explored better strategies or objectives for
pre-training smaller models, such as Chinchilla (Hoffmann et al.| | 2022b)) and UL2 (Tay et al., 2022).
Beyond pre-training, considerable attention has been devoted to studying instruction tuning of LMs,
e.g., FLAN (Wei et al.;, 2021b), TO (Sanh et al., 2021) and Flan-T5 (Chung et al., [2022]).

The emergence of OpenAl’s ChatGPT a year ago greatly changed the research focus of the NLP
community (Qin et al.,2023a)). To catch up with OpenAl, Google and Anthropic introduced Bard and
Claude, respectively. While they show comparable performance to ChatGPT on many tasks, there
is still a performance gap between them and the latest OpenAl model GPT-4 (OpenAl, [2023b). As
the success of these models is primarily attributed to reinforcement learning from human feedback
(RLHF) (Schulman et al.,2017b; Ouyang et al., 2022a)), researchers have explored various ways to
improve RLHF (Yuan et al.| 2023} [Rafailov et al.,[2023b; [Lee et al., [2023b).

To promote research of open-source LLMs, Meta released Llama series models (Touvron et al.,
2023alb). Since then, open-source models based on Llama have started to emerge explosively. One
representative research direction is to fine-tune Llama with instruction data, including Alpaca (Taori
et al., 2023), Vicuna (Chiang et al., |2023)), Lima (Zhou et al.| [2023b) and WizardLM (Xu et al.,
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2023a). The ongoing research has also explored improving the agent (Xu et al.}|2023d; Zeng et al.|
2023} |Patil et al.| 2023} |Qin et al., [2023b)), logical reasoning (Roziere et al., 2023} |Luo et al., [ 2023alc)
and long-context modeling (Tworkowski et al., 2023} Xiong et al.;2023; | Xu et al.,|2023b) capabilities
of Llama-based open-source LLMs. Besides, rather than developing LLMs based on Llama, many
efforts have been devoted to training powerful LLMs from scratch, e.g., MPT (Team) 2023), Falcon
(Almazrouei et al., [2023)), XGen (Nijkamp et al.|2023), Phi (Gunasekar et al.| 2023} [Li et al.| 2023e)),
Baichuan (Yang et al.| |2023a), Mistral (Jiang et al.,[2023a), Grok (xAIL[2023) and Yi (01ai, 2023). We
believe that developing more powerful and efficient open-source LLMs to democratize the capabilities
of closed-source LLMs should be a quite promising future direction.

4.2 Summary of Results

For general capabilities, Llama-2-chat-70B (Touvron et al.||2023b) shows improvement over GPT-
3.5-turbo in some benchmarks, but remains behind for most others. Zephir-7B (Tunstall et al.,
2023)) approaches 70B LLMs as a result of distilled direct preference optimization. WizardLM-
70B (Xu et al.}2023a) and GodziL.La-70B (Philippines, 2023)) can achieve comparable performance
to GPT-3.5-turbo, which show a promising path forward.

There are also several domains where open-source LLMs are able to beat GPT-3.5-turbo. For
LLM-based agents, open-source LLMs are able to surpass GPT-3.5-turbo with more extensive and
task-specific pre-training and fine-tuning. For example, Lemur-70B-chat (Xu et al.}[2023d) performs
better in exploring the environment and following feedback on coding tasks. AgentTuning (Zeng
et al., |2023) improves on unseen agent tasks. ToolLLama (Qin et al.,|2023b) can better grasp tool
usage. Gorilla (Patil et al.,|2023) outperforms GPT-4 on writing API calls. For logical reasoning,
WizardCoder (Luo et al.,[2023c|) and WizardMath (Luo et al.,[2023a)) improve reasoning abilities
with enhanced instruction tuning. Lemur (Xu et al., 2023d) and Phi (Gunasekar et al., 2023} [Li et al.,
2023e) achieve stronger abilities by pre-training on data with higher quality. For modelling long
contexts, Llama-2-long (Xiong et al.,[2023) can improve on selected benchmarks by pre-training with
longer tokens and a larger context window. [Xu et al.|(2023b)) improves over 7 long-context tasks by
combining context window extension with positional interpolation and retrieval augmentation. For
application-specific capabilities, InstructRetro (Wang et al., [2023a)) improves on open-ended QA by
pre-training with retrieval and instruction tuning. With task-specific fine-tuning, MentalLlama-chat-
13B (Yang et al., [2023c)) outperforms GPT-3.5-turbo in mental health analysis datasets. Radiology-
Llama?2 (Liu et al.| 2023)) can improve performance on radiology reports. Stru-Bench (Tang et al.|
2023b), a fine-tuned 7B model, can improve structured response generation compared to GPT-3.5-
turbo, which is a core ability to support agentic tasks. Shepherd (Wang et al.,2023c)), with only 7B
parameters, can achieve comparable or better performance compared to GPT-3.5-turbo in generating
model feedbacks and critiques. For trustworthy Al, hallucinations can be reduced by fine-tuning
with data of higher quality (Lee et al.,|2023a)), context-aware decoding techniques (Dhuliawala et al.|
2023)), external knowledge augmentation such as |Li1 et al.| (2023c); [Yu et al.| (2023b); [Peng et al.
(2023); |[Feng et al.| (2023)), or multi-agent dialogue (Cohen et al.,[2023; Du et al., 2023)).

There are also domains where GPT-3.5-turbo and GPT-4 remain unbeatable, such as Al safety. Due
to the large-scale RLHF (Bai et al.||2022a) involved in GPT models, they are known to demonstrate
safer and more ethical behaviors, which is probably a more important consideration for commercial
LLMs compared to open-source ones. However, with the recent efforts on democratizing the
RLHF process (Bai et al.| 2022bj |[Rafailov et al.,|2023a), we could expect to see more performance
improvements for open-source LLMs in safety.

4.3 Recipe of Best Open-source LL.Ms

Training an LLM involves complex and resource-intensive practices, including data collection and
preprocessing, model design, and training process. While there is a growing trend of releasing open-
source LLMs regularly, the detailed practices of the leading models are often kept secret unfortunately.
Below we list some best practices widely acknowledged by the community.

Data Pre-training involves the use of trillions of data tokens, often sourced from publicly accessible
sources. Ethically, it is crucial to exclude any data that includes personal information of private
individuals (Touvron et al.l 2023b). Unlike pre-training data, fine-tuning data is smaller in quantity
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but superior in quality. Fine-tuned LLMs with top-quality data have shown improved performance,
particularly in specialized areas (Philippines| 2023} [Zeng et al.| 2023} | Xu et al.| [2023d)a).

Model Architecture While the majority of LLMs utilize the decoder-only transformer architecture,
different techniques in the model are employed to optimize efficiency. Llama-2 implements Ghost
attention for improved multi-turn dialogue control (Touvron et al., [2023b). Mistral (Jiang et al.,
2023b) employs sliding window attention to handle extended context lengths.

Training The process of supervised fine-tuning (SFT) with instruction tuning data is vital. For high
quality outcomes, tens of thousands of SFT annotations are sufficient, as evidenced by the 27,540
annotations used for Llama-2 (Touvron et al., 2023b)). The diversity and quality of these data are
essential (Xu et al.|[2023a). In the RLHF stage, proximal policy optimization (PPO) (Schulman et al.,
2017a)) is often the preferred algorithm to better align the model’s behavior with human preferences
and instruction adherence, playing a key role in enhancing LLM safety. An alternative to PPO is
direct preference optimization (DPO) (Rafailov et al.,|2023a). Zephyr-7B (Tunstall et al.| 2023)), for
instance, employs distilled DPO and has shown results comparable to 70B-LLMs on various general
benchmarks, even surpassing GPT-3.5-turbo on AlpacaEval.

4.4 Loopholes and potential problems

Data Contamination during Pre-training The issue of data contamination has become increas-
ingly pronounced with the release of foundation models that obscure the source of their pre-training
corpus. This lack of transparency can result in biased perceptions regarding the genuine general-
ization capabilities of Large Language Models (LLMs). Ignoring the cases where benchmark data
is manually integrated into the training set with annotations from human experts or larger models,
the root of the data contamination problem lies in the fact that the collecting source of benchmark
data is already encompassed in the pre-training corpus. While these models are not intentionally
pre-trained using supervised data, they can still acquire exact knowledge. Consequently, it is crucial
to address the challenge of detecting the pre-training corpus of LLMs (Shi et al., [2023)), exploring the
overlap between existing benchmarks and widely-used pre-training corpus, and assessing overfitting
to benchmarks (Wei et al.| [2023). These efforts are essential for enhancing the faithfulness and relia-
bility of LLMs. Looking ahead, future directions could involve establishing standardized practices
for disclosing pre-training corpus details and developing methods to mitigate data contamination
throughout the model development lifecycle.

Close-sourced Development of Alignment The application of Reinforcement Learning from
Human Feedback (RLHF) for alignment using general preference data has obtained increasing
attention within the community. However, only a limited number of open-source LLMs have been
augmented with RLHF for alignment, primarily due to the scarcity of high-quality, publicly available
preference datasets and pre-trained reward models. Some initiatives (Bai et al., [2022a; Wu et al.|
2023; |Cui et al.| 2023) have sought to contribute to the open-source community. Yet, we are still
facing the challenges lacking diverse, high-quality and scalable preference data in complex reasoning,
programming, and safety scenarios.

Difficulty in Continuous Improvements over Fundamental Abilities Reviewing the break-
throughs in fundamental abilities outlined in this paper reveals somewhat challenging scenarios: (1)
Considerable efforts have been invested in exploring improved data mixtures during pre-training to
enhance balance and robustness in constructing more potent foundation models. However, the associ-
ated exploration costs often render this approach impractical. (2) Models surpassing GPT-3.5-turbo or
GPT-4 are predominantly based on knowledge distillation from closed-source models and additional
expert annotation. While efficient, heavy reliance on knowledge distillation may mask potential
issues concerning the effectiveness of proposed approaches when being scaled to the teacher model.
Moreover, LLMs are anticipated to act as agents and provide reasonable interpretations to support
decisions, while annotating the agent-style data to make LLMs applicable to real-world scenarios
is also expensive and time-consuming. In essence, optimization through knowledge distillation or
expert annotation alone cannot realize continuous improvement and is likely to approach an upper
bound. Future research directions may involve exploring novel methodologies, such as unsupervised
or self-supervised learning paradigms, to enable continuous advancements in fundamental LLM
abilities while mitigating the associated challenges and costs.
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5 Conclusion

In this survey, we deliver a systematical review on high performing open-source LLMs that surpass
or catch up with ChatGPT in various task domains, at the one-year anniversary mark after ChatGPT’s
release (Section [3). In addition, we provide insights, analysis and potential issues of open-source
LLMs (Section ). We believe that this survey sheds lights on promising directions of open-source
LLMs and will serve to inspire further research and development in the field of open-source LLMs,
helping to close the gap with their paying counterparts.
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