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Abstract: With the deepening of research on Large Language Models (LLMs), significant progress
has been made in recent years on the development of Large Multimodal Models (LMMs), which are
gradually moving toward Artificial General Intelligence. This paper aims to summarize the recent
progress from LLMs to LMMs in a comprehensive and unified way. First, we start with LLMs and
outline various conceptual frameworks and key techniques. Then, we focus on the architectural
components, training strategies, fine-tuning guidance, and prompt engineering of LMMs, and present
a taxonomy of the latest vision–language LMMs. Finally, we provide a summary of both LLMs and
LMMs from a unified perspective, make an analysis of the development status of large-scale models
in the view of globalization, and offer potential research directions for large-scale models.
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1. Introduction

In recent years, Large Language Models (LLMs) such as BERT [1], the GPT series [2–5],
PaLM series [6,7], LLaMA series [8,9], and PanGu series [10,11] have continuously devel-
oped and matured, demonstrating powerful abilities in text understanding and generation
across various tasks. Concurrently, cross-modal models in the Computer Vision community,
such as CLIP [12] and Stable Diffusion [13,14], have emerged, achieving new heights in im-
age understanding and generation tasks. Moreover, Large Multimodal Models (LMMs) that
evolved from LLM foundations have made significant strides and breakthroughs, gradually
forming the embryonic shape of general-purpose Artificial General Intelligence (AGI).

Despite the existence of numerous reviews focusing on either LLMs or LMMs, as yet
there is no comprehensive and systematic review that covers the entire evolutionary process
from LLMs to LMMs. Overviews of LLMs [15,16] focus on systematically presenting the
background, core concepts, architectures, training strategies, application scenarios, datasets,
evaluation benchmarks, and existing challenges, and outline their overall evolutionary
trajectory, but fail to address the connection between LLMs and LMMs. On the other hand,
the review of LMMs in [17] provides a thorough introduction to their recent progress,
including design architectures and future directions, listing approximately 120 state-of-the-
art model examples; however, it neglects to delve into the training techniques pertinent
to LMMs. Surveys in [18], conversely, delve into LMM-related training techniques and
prompt engineering, yet fall short in offering a macro-level analysis of LMMs. While
these existing reviews contribute valuable insights, they fail to adequately integrate and
comparatively analyze the commonalities and differences in the technological pathways of
LLMs and LMMs. Considering that LMMs are fundamentally constructed by incorporating
additional modal processing components into the foundation of LLMs, both share many
similarities in their architectural design and key techniques, making it particularly crucial
to introduce LLMs and LMMs under a unified perspective.
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Furthermore, current review works overlook the comparative analysis of the develop-
ment status of large models across different regions in view of globalization. The current
landscape shows a disparity in that certain enterprises and academic institutions in par-
ticular regions enjoy monopolistic advantages in large model development, while many
third-world countries either lack developed large models or recognition for their models
within the academic community. Thus, based on publicly disclosed commercial large
models and academic research outcomes, conducting a comparative analysis of the devel-
opment situations of LLMs and LMMs worldwide is essential for assessing the balance of
large model technology advancements.

This article begins with an in-depth discussion of key LLM techniques in Section 2
and an introduction to several influential LLMs in Section 2.6. Then we move on to
LMMs, presenting a overview of the relevant architectural components, training strategies,
instruction tuning, and prompt engineering in Section 3. In addition, we focus on the
currently most popular visual language domain and conduct a taxonomy of the latest 66
visual language LMMs in Section 3.5, in which we analyze the different types of vision
language LMMs. Finally, we offer a unified view by conducting a review and analysis of
both LLMs and LMMs in Section 4, contrasting the balance and fairness of large model
development across different global regions and summarizing potential future technical
trends for large models in Section 6. We aim to provide a more profound unified viewpoint
to grasp the connections between the expansion from LLMs to LMMs and support work on
large model-related research endeavors.

2. Large Language Models

In this section, we conduct a systematic survey of LLMs, reviewing their architectural
designs, pretraining, and fine-tuning techniques, where we categorize fine-tuning into
full fine-tuning and parameter-efficient fine-tuning. Subsequently, we summarize the
mainstream prompt engineering approaches for LLMs. Additionally, in Section 2.6 we
present an exhaustive list of ten representative pretrained LLMs; we provide a summary of
these models in Table 1.

2.1. LLM Architectures

Encoder–Decoder: This architecture, originating from RNN [19] and LSTM [20], was
first instantiated in LLMs using the transformer concept [21]. Colloquially referred to as a
sequence-to-sequence framework, it usually consists of encoder and decoder modules. The
encoder module encapsulates the salient features and semantic attributes from the input
text, while the decoder module sequentially generates output text sequences based on the
information conveyed by the encoder.

Encoder-Only: This architecture focuses on the encoder side. It typically acquires
contextual language representations using a bidirectional self-attention mechanism, and is
primarily intended for scenarios involving one-way tasks that require only input processing,
such as text categorization and sentiment analysis. Representative models of this class
include BERT [1], RoBERTa [22], and ALBERT [23].

Decoder-Only: This architecture concerns prediction from the succeeding output
token within a sequence. It can be bifurcated into two variants: Casual Decoder andPrefix
Decoder (Non-Causal Decoder), with the distinction lying in the attention mechanism
employed. Casual decoder exclusively relies on previous tokens for prediction of the
next tokens, whereas prefix decoder does not strictly depend on already-produced tokens,
instead employing bidirectional attention [24]. Th decoder-only architectural framework
is particularly apt for text generation tasks, and constitutes the prevalent choice among
current large language models, as exemplified by the GPT series [2–4].

2.2. LLM Pretraining

Pretraining is one of the most important steps in the training of large language models.
It refers to the initial self-supervised training of the model on a large corpus. This process
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involves the design of specific pretraining goals that allow the model to learn generic
feature representations or latent structures from unlabeled data. Common pretraining goals
include the following three main strategies:

Autoregressive Language Modeling (ALM): ALM models are trained to predict each
subsequent token based on the sequence of preceding tokens. This pretraining task is
typically employed in decoder-only architectures, such as the GPT series [2–4].

Prefix Language Modeling (PLM): PLM models are trained to forecast subsequent text
based on a partial prefix within the input text. This prefix is often randomly selected. This
pretraining objective is pertinent to both encoder–decoder and prefix-based decoder-only
architectures. An example is UniLM [25].

Masked Language Modeling (MLM): MLM operates by randomly masking certain
tokens within the input sequence using a designated mask token. The model is then re-
quired to infer the identities of these masked tokens using only the unmasked contextual
information. This strategy is instrumental in BERT-like models [1,24]. MLM enables the
model to learn from bidirectional context, as it simultaneously considers both preceding
and succeeding contexts within a sequence. In contrast to ALM and PLM, MLM pro-
vides the model with a more comprehensive understanding of context while maintaining
parallelization efficiency.

2.3. LLM Full Fine-Tuning

Full fine-tuning refers to the process by which a large language model is adapted to
specific downstream tasks. This involves updating all parameters of the pretrained model
using task-specific data [1]. This constitutes a concrete manifestation of transfer learning
within LLMs. For instance, GPT [2] initially undergoes pretraining on a vast corpus and
subsequently undergoes full fine-tuning across twelve diverse NLP downstream tasks,
such as natural language inference, question answering, and semantic similarity. Following
this fine-tuning phase, the GPT variant achieves state-of-the-art performance on nine of
these targeted tasks.

Full fine-tuning currently represents the most prevalent approach for large language
models to tackle downstream NLP tasks. However, a significant limitation of full fine-
tuning lies in the escalating scale of LLMs. As the number of parameters within these
models continues to grow, unaffordable computational consumption results.

2.4. LLM Parameter-Efficient Fine-Tuning

Distinct from full fine-tuning, parameter-efficient fine-tuning strategies aim to achieve
the adaptation of pretrained models with a minimum of parameter updates and computa-
tional resources. Prevailing methods for parameter-efficient tuning include:

Adapter Tuning [26]: Adapter-based approaches propose the insertion of compact
learnable modules, referred to as adapters. This tuning can be inserted within every layer or
a subset of layers in the model. Owing to lower dimensionality, adapters enable fine-tuning
that exclusively targets these newly added parameters while preserving the original model
weights, which ensures the feasibility of fine-tuning and maintains computational efficiency.

Low-Rank Adaptation (LoRA) [27]: The core idea behind LoRA is to perform up-
dates through low-rank approximations of the model’s original weight matrices. This
necessitates learning only two smaller matrices that effectively modify the entire model be-
havior, thereby significantly reducing the number of required parameters while maintaining
performance comparable to full fine-tuning.

Quantized Low-Rank Adaptation (QLoRA) [28]: Building upon LoRA [27], QLoRA
integrates quantization. It introduces quantization operations to further compress the space
of trainable parameters. QLoRA is particularly advantageous in scenarios where deep
learning models are deployed and updated in resource-constrained environments, such as
edge devices, offering substantial benefits in terms of efficiency under strict limitations.
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2.5. LLM Prompt-Engineering

Next, we summarize the techniques in prompt engineering, which treat the prompt as a
learnable parameter without updating the parameters of pretrained models. By optimizing
only a minuscule number of parameters, prompt engineering can improve the performance
of pretrained models in various downstream tasks while approaching the efficacy of full
fine-tuning.

Prefix Tuning [29]: Incorporating concepts from prompting and in-context learn-
ing [4,30], prefix tuning optimizes a set of continuous task-specific vectors, denoted as
“prefixes”. For decoder-only architectures, distinct prefix vectors are prepended to the Key
(K) and Value (V) matrices at each layer of the decoder’s attention mechanism. Conversely,
for encoder–decoder structures, separate prefix vectors are appended to the Query (Q) and
Key (K) matrices preceding each layer of the attention mechanism in both the encoder and
decoder parts. Unlike full fine-tuning, prefix tuning freezes all parameters of the pretrained
language model and focuses solely on optimizing the small subset of prefixed parameters
that have been introduced.

P-Tuning [31]: P-tuning maps discrete prompts into trainable continuous prompt
embeddings, it utilizes LSTM and MLP to construct a prompt encoder. Distinct from
prefix tuning [29], P-tuning inserts prompt tokens at arbitrary positions within the input
layer; these are consecutively transformed into hidden states via the prompt encoder and
jointly trained alongside the input embeddings. Nonetheless, in order to realize enhanced
performance outcomes it is imperative to undertake the optimization of prompt embedding
in concert with the overall model tuning process.

Prompt Tuning [32]: Prompt tuning can be regarded as a simplified version of P-
tuning [31] and Prefix Tuning [29], as illustrated in Figure 1. Prompt tuning concatenates a
sequence of prompts with the input sequence to form the model’s input. The embedded
prompts (Pe) and input embeddings (Xe) collectively constitute a parameter matrix [Pe : Xe]
which is processed by the model, wherein only the parameters of the prompts Pe are
updated; the original weights of the pretrained model remain unaltered. This method
exhibits heightened parameter efficiency, and is becoming increasingly competitive as
model parameter counts grow. It is able to attain performance comparable to full fine-
tuning even when model parameters exceed billions. Through prompt tuning, a single
pretrained model can be efficiently repurposed for multiple downstream tasks merely by
training different prompt parameters for each respective task.

Prompt Input

Prompt embedding Input embedding

Pre-trained LLM

Prompt Input

Prompt embedding Input embedding

Pre-trained LLM

Prompt tuning P-tuning

Prompt encoder

Prompt Input

Input embedding

Pre-trained LLM

Prefix-tuning

Prefix encoder

V

Prefix embedding K

Q

Prefix embedding

Figure 1. Schematic representation of the technical architectures for prompt tuning, P-tuning, and
prefix tuning.

In-Context Learning: The few-shot performance demonstrated by GPT-3 [4] high-
lights the potential of in-context learning (ICL), enabling language models to master down-
stream tasks without supplementary model tuning by relying solely on a handful of
exemplary demonstrations. The survey by [33] decomposes in-context learning into two
distinct stages, namely, training and inference. During the training stage, the model ac-
quires the capability for in-context learning from the pretraining objectives. At the inference



Appl. Sci. 2024, 14, 5068 5 of 30

stage, the manifestation of the model’s in-context learning prowess is showcased through
the strategic design of examples and the selection of appropriate evaluation mechanisms.

Chain-of-Thought: The essence of the chain-of-thought (CoT) concept [34] lies in
mimicking the human cognitive process for tackling complex issues by presenting the
model with a modest collection of exemplars. Solutions are broken down into a progression
of intermediate reasoning steps articulated in natural language while clearly delineating
the logical trajectory from inquiry to resolution. Within the GSM8K [35] mathematics
problem benchmark, the PaLM 540B model utilizing chain-of-thought prompting achieved
a substantial leap beyond fine-tuned GPT-3 and other previous best performers. The pivotal
merit of chain-of-thought prompting, juxtaposed with standard prompting and fine-tuning,
is its dual nature; it obviates the reliance on extra data while concurrently augmenting the
model’s aptitude for mathematical logical reasoning.

2.6. Representative Pretrained LLMs

Herein, we enumerate ten influential pretrained large language models (LLMs) in
the field of natural language processing (NLP) in the order of their respective model or
paper publication timelines (shown in Figure 2). These models serve as the foundational
backbone for the evolution of future large multimodal models (LMMs).

Transformer (2017): Transformer [21], proposed by a Google team in 2017, represents

an advancement built around an encoder–decoder framework. It is particularly notable
for its introduction of the attention mechanism, the mathematical formulation of which is
detailed as Equation (1).

Attention(Q, K, V) = softmax

(
QK⊤
√

dk

)
V (1)

Moreover, the incorporation of a multi-head attention mechanism into the transformer
architecture allows the resulting models to simultaneously employ several independent
self-attention heads, thereby facilitating the learning of a multitude of diverse attentional
subspaces in parallel. A thorough explanation of these mechanisms can be found in [21].

Jun.                                                 Oct.                                              Oct.                  May.                                             Apr.                                              Mar. Feb.                                                                               Feb.

Transformer

2017                                        2018                                        2019                                 2020                                        2021                                        2022                                2023                                                                                  2024

BERT T5 *GPT-3

CPM-2 *PaLM

Jun.                                      Apr.                                              Mar.                                                                  Mar.

OPT

Jul.                                      Oct.                                              Apr.                                                                                            Apr.

Oct.                                       Nov.                                             May.

LLaMA

*PanGu-Σ

*PaLM-2

LLaMA 2

*GPT-4

T0

PanGu-α

*Gopher

YUAN 1.0

*Chinchilla

*BLOOM

Dec.                                       Jul.

Vicuna

Sep.

YUAN 2.0 *Gimini

*Gimini 1.5

*Claude *Claude 3

*Claude 2

*ChatGPT

ERNIE 3.0

*ERNIE Bot

Dec.

Qwen

LLaMA 3

Figure 2. Timeline of pretrained and fine-tuned LLM releases. The sign * on the left side of the model
name denotes that they remain closed-source.

T5 (2019): The T5 [24] model architecture adopts an encoder–decoder framework,

incorporating multiple layers of transformer modules with a maximum of 11 billion pa-
rameters. T5 is characterized as a general model that can be fine-tuned across a diverse
array of downstream NLP tasks through the use of a unified “text-to-text” transfer learn-
ing paradigm.

As depicted in Figure 3, the T5 model refines BERT-like pretraining strategies at a
granular level. Empirical findings indicate that employing (Replace Corrupt Spans) as



Appl. Sci. 2024, 14, 5068 6 of 30

an unsupervised pretraining objective yields optimal outcomes. Furthermore, the paper
experimentally examines the performance of various model variants based on different
self-attention mechanisms, ultimately concluding that the encoder–decoder architecture
outperforms standalone language model and prefix LMs in text-to-text tasks. A compre-
hensive understanding of the model’s specifics can be found in [24].

Exploring the Limits of Transfer Learning

<X> <Y>

<X> <Y> <Z>

Figure 2: Schematic of the objective we use in our baseline model. In this example, we
process the sentence “Thank you for inviting me to your party last week.” The
words “for”, “inviting” and “last” (marked with an ×) are randomly chosen for
corruption. Each consecutive span of corrupted tokens is replaced by a sentinel
token (shown as <X> and <Y>) that is unique over the example. Since “for” and
“inviting” occur consecutively, they are replaced by a single sentinel <X>. The
output sequence then consists of the dropped-out spans, delimited by the sentinel
tokens used to replace them in the input plus a final sentinel token <Z>.

useful in downstream tasks. Preliminary work that applied the transfer learning paradigm
of pre-training and fine-tuning all of the model’s parameters to NLP problems used a
causal language modeling objective for pre-training (Dai and Le, 2015; Peters et al., 2018;
Radford et al., 2018; Howard and Ruder, 2018). However, it has recently been shown that
“denoising” objectives (Devlin et al., 2018; Taylor, 1953) (also called “masked language
modeling”) produce better performance and as a result they have quickly become standard.
In a denoising objective, the model is trained to predict missing or otherwise corrupted
tokens in the input. Inspired by BERT’s “masked language modeling” objective and the
“word dropout” regularization technique (Bowman et al., 2015), we design an objective that
randomly samples and then drops out 15% of tokens in the input sequence. All consecutive
spans of dropped-out tokens are replaced by a single sentinel token. Each sentinel token
is assigned a token ID that is unique to the sequence. The sentinel IDs are special tokens
which are added to our vocabulary and do not correspond to any wordpiece. The target
then corresponds to all of the dropped-out spans of tokens, delimited by the same sentinel
tokens used in the input sequence plus a final sentinel token to mark the end of the target
sequence. Our choices to mask consecutive spans of tokens and only predict dropped-out
tokens were made to reduce the computational cost of pre-training. We perform thorough
investigation into pre-training objectives in Section 3.3. An example of the transformation
resulting from applying this objective is shown in Figure 2. We empirically compare this
objective to many other variants in Section 3.3.

3.1.5 Baseline Performance

In this section, we present results using the baseline experimental procedure described above
to get a sense of what kind of performance to expect on our suite of downstream tasks.
Ideally, we would repeat every experiment in our study multiple times to get a confidence
interval on our results. Unfortunately, this would be prohibitively expensive due to the large

13

Figure 3. Pretraining objective diagram of T5 [24] using Replace Corrupt Spans. Replace Corrupt
Spans means that each consecutive span of corrupted tokens is replaced by a unique sentinel token,
e.g., <X>, <Y>, and <Z>.

GPT-3 (2020): GPT-3 [4] adopts the transformer decoder architecture, aligning with the

overall framework of GPT-2 [3] while introducing alterations in terms of both parameter
scale and training strategies. GPT-3 encompasses eight distinct model sizes, ranging from
the smallest variant, GPT-3 Small, with 125 million parameters, to the largest configuration,
GPT-3, with 175 billion parameters. The modifications in the training regimen specifically
manifest through considerable augmentations in the hidden dimension (dmodel) and batch
size, coupled with the implementation of a relatively lower learning rate. In response to
limitations observed in GPT-2’s zero-shot performance for certain tasks, GPT-3 innovatively
conceptualizes in-context learning, demonstrating empirically that few-shot learning can
lead to improved performance without altering the model’s parameter count.

CPM-2 (2021): CPM-2 [36], in contrast to its predecessor CPM [37] which was based

on a decoder-only architecture, adopts the encoder–decoder framework of the conventional
transformer model [21]. CPM-2 consists of two distinct versions: the standard CPM-2
variant possesses 11 billion parameters, while its Mixture-of-Experts (MoE) counterpart
boasts an unprecedented scale with 198 billion parameters. A central innovation of CPM-2
lies in its cost-effective design; it employs knowledge inheritance [38] strategies to harness
existing knowledge from pretrained language models to facilitate the training process of
CPM-2. Furthermore, it utilizes prompt tuning [32], a method that requires updating only
0.01% of the model’s parameters compared to fine-tuning that is still able to achieve perfor-
mance closely comparable to that of full fine-tuning. Additionally, the model introduces
an innovative memory-efficient Inference Framework for MoE Layers (INFMoE). Shown
in Figure 4, it is tailored for efficient inference on TensorRT-based platforms specifically
designed for the MoE variant. Moreover, the research delves into the working mechanisms
of prompt tokens, with a detailed examination offered in [36].

Figure 4. INFMoE framework compared with others; L represents parameter loading, while C
represents computational consumption. More details can be found in [36].

PaLM (2022): PaLM [6] is a decoder-only transformer [21] language model with variant

parameter scales, including models of 8 billion, 62 billion, and 540 billion parameters. The
model is pretrained on an extensive dataset amounting to 780 billion tokens, wherein half
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of the data consist of social media conversations, 27% originate from webpage content, and
the remaining portion encompasses books and code, among other sources.

PaLM’s innovation lies in its utilization of the Pathways system [39] for large-scale
pretraining, which facilitates collaborative computation across multiple pods within a
TPU v4 cluster, enabling synchronous updates to the model parameters to realize highly
efficient parallel processing and significantly reduce time costs. In terms of evaluation,
experiments conducted on BIG-bench have demonstrated that the version of PaLM with
540 billion parameters surpasses state-of-the-art models such as GPT-3 [4], Gopher [40],
and Chinchilla [41] in few-shot learning capabilities. Moreover, this model exceeds the
average human performance on a majority of tasks under assessment.

OPT (2022): The OPT [42] model has undergone a full-scale replication of GPT-3 175B [4],

employing the same decoder-only architecture and maintaining the same maximum pa-
rameter count of 175 billion. Importantly, the team has released the OPT model weights,
code, and training logbook to the open-source community in their entirety. The pretrain-
ing corpus utilized by OPT consists entirely of publicly accessible data, amounting to
approximately 180B tokens. It integrates portions of the RoBERTa [22], The Pile [43], and
PushShift.io Reddit [44] corpora, undergoing data cleaning processes that include filtering
non-English data and deduplication.

Comparisons between OPT and GPT-3 were carried out across sixteen datasets, en-
compassing zero-shot, multi-shot, and dialogue experiments. The results show that OPT’s
performance is broadly comparable to that of GPT-3. Additionally, the team has analyzed
the limitations of OPT, such as its suboptimal response to declarative instructions and its
potential for generating harmful or discriminatory content.

LLaMA (2023): LLaMA [8] adopts a decoder-only transformer [21] architecture and

comprises four distinct parameter configurations, ranging from the smallest (7B) to the
largest (65B). The LLaMA model structure has three principal modifications: the incor-
poration of pre-layer RMSNorm [45], the employment of Rotary Positional Embeddings
(RoPE) [46], and the substitution of SwiGLU units for ReLU activations. Moreover, inspired
by prior work, LLaMA implements techniques to reduce computational overhead, such
as refraining from storing attention weights and bypassing the computation of masked
key/query scores. Regarding the pretraining corpus, LLaMA relies entirely on openly
accessible and publicly available datasets, with 67% of the data coming from English
CommonCrawl and 15% from C4, along with additional contributions from GitHub and
Wikipedia, among others.

Benchmark evaluations have shown that LLaMA-13B outperforms GPT-3 [4] across a
wide range of benchmarks despite having only a tenth of GPT-3’s parameter count. Mean-
while, LLaMA-65B is able to contend with the state-of-the-art models such as Chinchilla [41]
and PaLM 540B [6], demonstrating competitive results on various metrics. LLaMA’s char-
acteristic efficiency in its utilization of parameters has rendered it a popular choice as a
large language model (LLM) backbone for numerous downstream tasks.

PanGu-Σ (2023): Pangu-Σ [11] represents the inaugural trillion-parameter sparse

language model, inheriting the decoder-only architecture and innate parameters of its pre-
decessor, PanGu-α [10], with a peak parameter count reaching 1.085 trillion. It introduces an
input mechanism that employs distinct embeddings for distinct domains, which is coupled
with a two-level routing design in the Random Routed Experts (RRE) framework. The
pretraining corpus of Pangu-Σ, totalling 329 billion tokens, primarily encompasses diverse
data formats of bilingual Chines–English, content from [24,47,48] and code from [49,50].

During pretraining, Pangu-Σ employs an Expert Computing and Storage Separation
(ECSS) strategy, harnessing heterogeneous computing to enhance training throughput by a
factor of 6.3 compared to PanGu-α. In experimental evaluations, Pangu-Σ demonstrates
superiority over previous state-of-the-art models across sixteen downstream NLP tasks in
the Chinese domain, encompassing dialogue, question answering, and machine translation,
among others. However, due to variations in the pretraining datasets employed, the
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paper does not present comparative results against GPT-3 [4] or other contemporary SOTA
large-scale models.

PaLM-2 (2023): PaLM-2 [7] is based on the transformer [21] architecture, altohugh the

specific architectural details are not mentioned in the technical report. While the report
does not reveal the exact parameter count for the PaLM-2 family, it states that the models
in this series have a smaller number of parameters compared to PaLM 540B [6]. Despite
this reduced parameter count, PaLM-2 demonstrates improved reasoning abilities across
various tasks. The report highlights the significance of scaling laws from recent work [41].
In addition, through empirical validations, it underscores the criticality of considering
data scale and model size as co-determinants of equal weight in driving performance
improvements [41].

A distinguishing innovation in PaLM-2 lies in breaking away from the conventional
approach used for pretraining large language models, which typically uses a single objective
such as causal or masked language modeling. Building upon the achievements of UL2 [51],
PaLM-2 adopts a hybrid of multiple pretraining objectives. Additionally, the pretraining
dataset employed for PaLM-2 has been expanded to cover several hundred languages,
thereby broadening its multilingual capacity.

LLaMA 2 (2023): The architecture of LLaMA 2 [9] adheres to that of its predecessor

LLaMA [8], adopting a decoder-only paradigm with a maximum parameter count scal-
ing up to 70 billion. Notably, LLaMA 2 introduces certain enhancements over LLaMA,
including doubling the context window size from its original 2048 tokens to an extended
4096 tokens and incorporating the utilization of grouped-query attention(GQA) [52] (shown
in Figure 5), which economizes cache space required for Key–Value (KV) caching while
effectively sustaining model accurac.

In terms of the pretraining corpus, the LLaMA 2 ensemble of models is trained on a
newly constructed publicly accessible hybrid online dataset encompassing 2 trillion tokens,
thereby augmenting the training volume by 42% compared to the original LLaMA. Despite
demonstrating superior performance across multiple benchmark evaluations relative to all
open-source models, LLaMA 2 exhibits a discernible performance gap when juxtaposed
against closed-source contemporaries such as GPT-4 [5] and PaLM-2-L [7].

Table 1. Summary of pretrained LLMs, including architectures, parameter counts, pretraining corpus
sizes, objectives, providers, and notable derived fine-tuned LMs

Pretrained LMs Architectures Parameters Pretraining
Corpus Size

Pretraining
Objectives

Model
Providers

Fine-Tuned
LMs

T5 encoder-
decoder 11 B 1 T MLM Google T0 [53]

GPT-3 decoder-only 175 B 300 B ALM OpenAI ChatGPT [54]
WebGPT [55]

CPM-2 encoder-
decoder 198 B 2.6 T MLM Tsinghua -

PaLM decoder-only 540 B 780 B ALM Google -

PaLM-2 - <540 B >780 B Mixture Google -

LLaMA decoder-only 65 B 1.4 T ALM Meta Vicuna [56]
Alpaca [57]
LIMA [58]

LLaMA 2 decoder-only 70 B 2 T ALM Meta LLaMA
2-CHAT [9]

OPT decoder-only 175 B 180 B ALM Meta OPT-IML [59]

PanGu-Σ decoder-only 1.085 T 329 B ALM Huawei -
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Figure 2: Overview of grouped-query method. Multi-head attention has H query, key, and value heads. Multi-query
attention shares single key and value heads across all query heads. Grouped-query attention instead shares single
key and value heads for each group of query heads, interpolating between multi-head and multi-query attention.

a small proportion α of its original training steps
on the same pre-training recipe.

2.2 Grouped-query attention

Grouped-query attention divides query heads into
G groups, each of which shares a single key head
and value head. GQA-G refers to grouped-query
with G groups. GQA-1, with a single group and
therefore single key and value head, is equivalent to
MQA, while GQA-H, with groups equal to number
of heads, is equivalent to MHA. Figure 2 shows a
comparison of grouped-query attention and multi-
head/multi-query attention. When converting a
multi-head checkpoint to a GQA checkpoint, we
construct each group key and value head by mean-
pooling all the original heads within that group.

An intermediate number of groups leads to an
interpolated model that is higher quality than MQA
but faster than MHA, and, as we will show, rep-
resents a favorable trade-off. Going from MHA
to MQA reduces H key and value heads to a sin-
gle key and value head, reducing the size of the
key-value cache and therefore amount of data that
needs to be loaded by a factor of H . However,
larger models generally scale the number of heads,
such that multi-query attention represents a more
aggressive cut in both memory bandwidth and ca-
pacity. GQA lets us keep the same proportional
decrease in bandwidth and capacity as model size
increases.

Moreover, larger models suffer relatively less
from memory bandwidth overhead from attention,
as the KV-cache scales with model dimension
while model FLOPs and parameters scale with the
square of model dimension. Finally, standard shard-
ing for large models replicates the single key and
value head by the number of model partitions (Pope

et al., 2022); GQA removes the waste from such
partitioning. Therefore, we expect GQA to present
a particularly good trade-off for larger models.

We note that GQA is not applied to the encoder
self-attention layers; encoder representations are
computed in parallel, and memory bandwidth is
therefore generally not the primary bottleneck.

3 Experiments

3.1 Experimental setup
Configurations All models are based on the
T5.1.1 architecture (Raffel et al., 2020), im-
plemented with JAX (Bradbury et al., 2018),
Flax (Heek et al., 2020), and Flaxformer1. For
our main experiments we consider T5 Large and
XXL with multi-head attention, as well as up-
trained versions of T5 XXL with multi-query and
grouped-query attention. We use the Adafactor op-
timizer with the same hyperparameters and learn-
ing rate schedule as T5 (Raffel et al., 2020). We
apply MQA and GQA to decoder self-attention
and cross-attention, but not encoder self-attention.

Uptraining Uptrained models are initialized
from public T5.1.1 checkpoints. The key and value
heads are mean-pooled to the appropriate MQA or
GQA structure, and then pre-trained for a further
α proportion of original pre-training steps with the
original pre-training setup and dataset from (Raffel
et al., 2020). For α = 0.05, training took approxi-
mately 600 TPUv3 chip-days.

Data We evaluate on summarization datasets
CNN/Daily Mail (Nallapati et al., 2016), arXiv
and PubMed (Cohan et al., 2018), MediaSum (Zhu
et al., 2021), and Multi-News (Fabbri et al., 2019);

1https://github.com/google/flaxformer

Figure 5. Comparison of attention mechanism architectures in [52]: multi-head, grouped-query, and
multi-query methods. Grouped-query partitions multiple query headers into groups; each group
shares the same keys and values, striking a balance between performance and computational cost.

3. Large Multimodal Models

Large Multimodal Models (LMMs) have emerged as a hot research topic following
the rise of LLMs, utilizing LLMs as a central hub to handle multimodal tasks by extending
from their single textual modality to encompass modalities such as images, audio, and
video. In this section, we consolidate the latest research findings on LMMs, providing
a comprehensive introduction to their architectural components, training strategies, in-
struction fine-tuning, and prompt engineering. Finally, with a particular focus on the
vision–language domain, we present a taxonomy and analysis of 66 cutting-edge vision–
language LMMs in Section 3.5.

3.1. LMM Architectures

This section provides an overview of five constituent components commonly found
in different types of large multimodal models (LMMs), arranged in the order of the
input processing flow: Multimodal Encoder→Input Modal Aligner→Pretrained LLM
backbone→Output Modal Aligner→Multimodal Decoder.

Notably, not all LMMs incorporate five constituents uniformly, depending on the
specific functional focus of the model; for instance, comprehension-only LMMs that ex-
clusively generate text, such as BLIP-2 [60] and MiniGPT-4 [61], typically encompass only
the first three elements, while generative-only LMMs in image or audio, exemplified by
DiffusionGPT [62], encompass the latter three components and General LMMs such as
Kosmos-G [63], which integrate functionalities across modalities, encompass the entire
five components.

3.1.1. Multimodal Encoders

Multimodal encoders are designed to extract features from multiple input modalities,
such as text, images, videos, and audio. In the context of LMMs, pretrained encoders are
typically employed with their parameters frozen in order to utilize their feature extraction
capabilities. Below, we present some representative encoders for different modalities.

Image Encoders: Image Encoders offer a diverse range of options, with commonly
used variants including MAE [64], ViT [65], Swin Transformer [66], CLIP ViT [12], Eva-CLIP
ViT [67], OpenCLIP [68], and DINOv2 [69].

Video Encoders: LMMs commonly repurpose image encoders as video encoders,
applying downsampling preprocessing to retain a subset of representative frames. Sub-
sequently, the processing follows the same workflow as for static images. This approach
preserves the core visual information of the video while reducing computational demands.

Audio Encoders: Commonly employed audio encoders include CLAP [70], C-Former [71],
Whisper [72], and HuBERT [73].

General Encoders: General encoders process data from various modalities, harmo-
niously mapping them onto a shared feature space. Prominent examples of such encoders
currently include Meta-Transformer [74], ImageBind [75], and LanguageBind [76]. Among
these methods, LanguageBind is particularly noteworthy for its capacity to uniformly



Appl. Sci. 2024, 14, 5068 10 of 30

encode data from at least five distinct modalities: text, image/video, audio, depth, and
infrared. This operation can be mathematically formalized as Equation (2):

zm = fm(xm; θm), m ∈ {Text, Image, Audio, Depth, Infrared} (2)

where xm denotes the input of modality m, θm represents the parameters of the correspond-
ing encoder fm, and zm signifies the extracted features of the input. To visually contrast
these frameworks, Figure 6 compares LanguageBind with ImageBind, illustrating how Lan-
guageBind bypasses image bridging to directly map all modalities to a linguistic domain.

Accepted by ICLR 2024

Infrared

Audio

Depth X-Language  Retrieval

X-Language  Classification

Image       Language

Language

N-th modality ……
ImageBind
LanguageBind

a modality of {c}
a modality of big {c}
a modality of small {c}
the modality of {c} …

Man in black suit is 
having meeting ...
A pope traveling on 
open body vehicle …

……

Figure 1: ImageBind vs. LanguageBind. The ImageBind method relies on images as interme-
diaries, while the LanguageBind method dispenses with this requirement. LanguageBind directly
aligns all modalities to the language space, thereby enhancing its applicability to downstream tasks.
“X” represents all modalities except language, and “c” represents category.

the LanguageBind method does not need images as intermediaries and facilitates straightforward
expansion to additional modalities in downstream tasks.

In this paper, we propose the LanguageBind, a language-based multi-modal pretraining framework
that can extend video-language pretraining to multiple (N) modalities. As the language modality
contains rich semantic information and is well-explored (Kenton & Toutanova, 2019; Dai et al.,
2019), we take it as the bind across different modalities. This process maps all modalities to a
unified embedding space, enabling effective semantic alignment. To improve training efficiency,
we employ Low-Rank Adaptation (LoRA) (Hu et al., 2021) for fine-tuning, achieving impressive
training results with minimal training iterations.

To further improve the modal integrity in pretraining and validate our LanguageBind, we introduce
a dataset with five modalities, the VIDAL-10M, which includes VL, IL (infrared-language), DL
(depth-language), and AL (audio-language) data pairs. The videos of previous datasets are always
truncated segments from long videos (Miech et al., 2019; Xue et al., 2022), resulting in fragmented
semantics. To avoid this problem, we construct our video-text pairs from short videos with com-
plete stories. To ensure the quality of the central language modality, we perform multi-view text
generation and enhancement on VIDAL-10M.

Video 

Infrared

Depth
Audio

Figure 2: LanguageBind achieves superior per-
formances on a broad range of 15 benchmarks
across video, audio, depth and infrared.

The proposed LanguageBind ensures that we
can extend vision-language to multiple (N)
modalities, and our dataset VIDAL-10M ben-
efits more downstream tasks beyond VL tasks,
including video retrieval (Luo et al., 2022),
depth classification (Cao et al., 2017), infrared
classification (Baffa & Lattari, 2018) and au-
dio classification (Palanisamy et al., 2020). As
shown in Figure 2, LanguageBind achieves su-
perior performances on a broad range of 15
tasks. In zero-shot text to video retrieval,
LanguageBind achieves superior performance
on four datasets, surpassing InterVideo (Wang
et al., 2022c) by 1.9% on MSR-VTT (Xu et al.,
2016), 8.8% on MSVD (Chen & Dolan, 2011),
6.3% on DiDeMo (Anne Hendricks et al.,
2017), and 4.4% on ActivityNet (Caba Heil-
bron et al., 2015). For zero-shot classifica-
tion on depth and infrared data, LanguageBind
achieves a substantial performance advantage over ImageBind. LanguageBind attains top-1 accu-
racy of 87.2% and 65.1% on LLVIP and NYU-D, respectively, outperforming ImageBind by 23.8%
and 11.1%. For zero-shot audio classification tasks, LanguageBind outperforms ImageBind with a
23.8% higher top-1 accuracy on the ESC50 dataset.

2

Figure 6. Comparison of LanguageBind and ImageBind. ImageBind relies on images as intermedi-
aries, while LanguageBind directly maps all modalities to the linguistic domain, where “X” represents
non-language modalities and “c” represents category. Source: [76].

3.1.2. Input Modal Aligner

The input modal aligner is dedicated to aligning feature vectors emanating from
diverse modalities, as extracted by the multimodal encoder, to a text feature space and then
transforming them into LLM-compatible feature representations. Notable input modal
aligners employed in this context encompass Linear Mapper, Multilayer Perceptron (MLP),
Querying Transformer (Q-Former) [60], Prompt-Transformer (P-Former) [77], Multiscale
Querying Transformer (MQ-Former) [78], and Cross-Attention Layer.

3.1.3. Upstream LLM Backbone

LMMs use pretrained or fine-tuned LLMs as upstream LLM backbones. This con-
stitutes the core of the LMM architecture. The upstream LLM backbone receives aligned
multimodal inputs, utilizing its understanding, reasoning, and generation capabilities in
textual feature space to yield text outputs or instruction tokens. These instruction tokens
are responsive to user-provided prompts, and serve to steer other components towards
the execution of more intricate cross-modal tasks. A selection of commonly employed
upstream LLM backbones is listed in Table 1.

3.1.4. Output Modal Aligner

In contrast to the input modal aligner, the output modal aligner maps the instruction
tokens produced by the upstream LLM backbone into feature representations compati-
ble with decoding into the target non-linguistic modalities. Commonly utilized output
modal alignes include Linear Aligner, Multilayer Perceptron (MLP), and encoder–decoder
transformers [79,80].

3.1.5. Multimodal Decoder

A multimodal decoder refers to a component that decodes features that have been
postprocessed by the output modal aligner. Its aim is to generate outputs in various target
modalities. Distinct decoder options are employed for different multimodal content types:
in image synthesis contexts, the Stable Diffusion series [13,14] and CM3 [81] are applied;
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in video generation contexts, the Zeroscope series is employed; and for audio synthesis
contexts, the AudioLDM [82,83] series is deployed.

3.2. LMM Training

The training of LMMs excludes pretrained components, including the multimodal
encoder, upstream LLM backbone, and multimodal decoder, while separately training
the input modal aligner and output modal aligner. The training objectives of LMMs are
twofold: (1) to align multimodal inputs into a text feature space via the input modal aligner,
and (2) to ensure the quality of multimodal outputs by training the output modal aligner to
map instruction tokens back into generator-understandable features.

3.3. LMM Instruction Tuning

Instruction tuning, initially introduced in FLAN [84], is a training technique that
involves refining a pretrained LLM on small specialized datasets comprising instructions
formatted in specific ways. This technique aims to achieve the efficacy of fine-tuning and
prompting [4] with a reduced dataset size and fewer parameter updates, thereby enhancing
the model’s capability to comprehend human instructions and improving its zero-shot
performance.

The success of instruction tuning on many single-modal LLMs (e.g., GPT-3 [4], In-
structGPT [85], T0 [53]) can also be extended to the multimodal domain. Figure 7 shows
a comparison of instruction tuning between LMM and the original LLM. Currently, mul-
timodal instruction tuning datasets primarily take three forms of construction: dataset
adaptation, self-instruction synthesis, and a combination of both.

<BOS>The following are some instructions and inputs. Generate 
correct and standardized responses according to the 
requirements of the instructions.
### Instruction: Please generate an overview in Chinese based 
on the input.
### Input: In recent years, due to the increase of greenhouse gas 
emissions, the global average temperature has continued to rise, 
leading to the intensification of the melting of polar glaciers, the 
rise of sea level and the frequent occurrence of extreme weather 
events.
### Response:温室气体的增加导致了许多环境问题。<EOS>

<BOS> <Context>
### Instruction: <Instruction>
### Input: <Text>
### Response: <Output> <EOS>

<BOS>There are some instructions and inputs below. Provide 
professional response as required.
### Instruction: Carefully analyze and describe the ongoing 
activities of the characters in the attached picture.
### Input: 

, < Eliud Kipchoge, Marathon, Train > 

### Response: Eliud Kipchoge is training for a marathon in 
white on the grass.<EOS>

<BOS> <Context>
### Instruction: < Instruction >
### Input: { <Image> , <Text> }
### Response: <Output> <EOS>

Text format Instruction in LLM Vision-Language format Instruction in LMM

Example Example

Figure 7. Comparison of instruction tuning data template between LLMs and LMMs. Here, <BOS>
and <EOS> signs are tokens indicating the beginning and end of data input, respectively.

Dataset Adaptation: Dataset adaptation involves re-targeting existing large-scale
annotated datasets while adjusting their format at low cost and high speed to create suitable
instruction data. This approach has been adopted by models such as MiniGPT-4 [61] and
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InstructBLIP. However, it is limited by its reliance on human intervention and the lack
of novelty in directly adopting or superficially modifying original annotations, making it
potentially insufficient for broad generalization to new scenarios.

Self-Instruction Synthesis: Self-instruction synthesis leverages the comprehension
and generative capacities of LLMs, using a small set of manually annotated template
samples to guide large language models such as GPT-4 [5] in restructuring existing an-
notated datasets for instruction data creation, adopted by models including Shikra [86],
VideoChat [87], and LLaVAR [88]. It has a flexible data generation mechanism, ensuring
diversity in instruction data and generalizability to real-world contexts. However, its
dependence on LLMs introduces inherent hallucination issues and biases associated with
these models.

3.4. LMM Prompt Engineering

In LLMs, prompt engineering [29,31–34,89] refrains from updating the model pa-
rameters and instead seeks to augment its functionality by employing prompt tokens
optimizing the performance of the LLM. Within the realm of LMMs, prompt engineer-
ing includes the inheritance of in-context learning [33] and chain-of-thought (CoT) [34]
derived from LLMs, evolving into the multimodal in-context learning and multimodal
chain-of-thought paradigms.

Multimodal In-Context Learning LLMs leverage in-context learning (ICL) techniques,
enabling them to achieve few-shot performance comparable to fine-tuning during the infer-
ence stage, relying on only a small number of demonstrations for downstream tasks [4]. In
LMMs, as shown in Figure 8, in-context learning can enhance performance when extended
to multimodal in-context learning through the provision of demonstrations across modali-
ties. Typically, there are two distinct application scenarios of multimodal ICL within LMM;
the first involves using a small set of demonstrations to guide an LMM in modal reasoning
tasks, while the second entails teaching the LMM how to utilize external foundational tools
to solve tasks through a series of exemplary steps, as presented in [18].

<BOS>The following are some task examples, generate correct 
and standardized responses according to the requirements of the 
instructions.
### Instruction: Please give an abstract of the input content.
### Input: In recent years, due to the increase of greenhouse gas 
emissions, the global average temperature has continued to rise, 
the melting of polar glaciers has intensified, the sea level has 
risen, and extreme weather events have occurred frequently.
### Response: The increase of greenhouse gases has led to 
many environmental problems.

### Input: A new study shows that prolonged screen time before 
bed affects both the quality and duration of sleep, leading to 
increased fatigue and reduced cognitive function in adolescents.
### Response: Prolonged evening screen exposure is associated 
with sleep disturbances and decreased cognitive performance 
among teenagers. <EOS>

### Input: Researchers have discovered a correlation between 
regular physical exercise and improved mental health outcomes, 
including reduced symptoms of depression and anxiety.
### Response: <Output> 

<BOS>The following are some task examples, generate correct 
and standardized responses according to the requirements of the 
instructions.
### Instruction: Describe the picture in details.
### Input: 

### Response: A black man is running in white on the grass.

### Input: 

### Response: A man in blue lifted a red barbell.<EOS>

### Input:

### Response: <Output> 

ICL in LLM Multi-modal ICL in LMM

Figure 8. Comparison of in-context learning in LLMs and LMMs. Here, <BOS> and <EOS> signs are
tokens indicating the beginning and end of the input demonstrations.
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Multimodal Chain-of-Thought The concept of chain-of-thought (CoT) originally
emerged as a technique in LLM to tackle complex reasoning tasks [34]. It involves guiding
the LLM to break a complex problem into a series of subproblems and solve them iteratively,
thereby significantly enhancing the performance of LLM [4,5]. CoR led to an expansion of
the prompt paradigm from <Input, Output> to <Input, CoT Rationale, Output> [34].

Several works have advanced single-modal CoT to multimodal CoT (M-CoT), which
can be categorized under different prompt paradigms such as zero-shot M-CoT [90], few-
shot M-CoT [91], and fine-tuning M-CoT [92,93]. In zero-shot M-CoT, no examples are
used to guide the LMM through the CoT process; instead, the model’s reasoning ability
is triggered during the inference phase with a simple textual instruction such as “Do it
step by step.”. Few-shot M-CoT resembles in-context learning, where a small number of
exemplars are provided that detail the intermediate steps of reasoning. On the other hand,
fine-tuning M-CoT necessitates the use of a specific dataset for fine-tuning the LMM’s
reasoning capabilities. Typically, the former two approaches are more applicable to larger
LLMs, while the latter is often employed for smaller ones.

Regarding modal alignment, M-CoT can further be divided into translation mapping
and learnable mapping. In translation mapping, non-text modal inputs are straightfor-
wardly converted into text descriptions, effectively transmitting non-text modalities to the
text modality via ’translation’ before engaging in CoT reasoning (although this process
inherently entails considerable loss of modality-specific information). By contrast, learn-
able mapping involves constructing a trainable model that integrates features from other
modalities into the textual feature space, forming a joint embedding that serves as input to
the LLM for CoT reasoning.

For instance, Multimodal-CoT [92] has been utilized with fine-tuning and learnable
mapping to elicit CoT capabilities in T5-770M. By devising a two-stage learnable rea-
soning framework, T5-770M surpassed GPT-3.5 on the ScienceQA benchmark [91] while
concurrently mitigating the occurrence of hallucination-induced errors inherent in LLMs.

3.5. Taxonomy of Vision–Language LMMs

Vision–language LMMs represent the most typical and fully developed branch within
the current research on LMMs; hence, in this section, we focus on the latest advancements in
vision–language LMMs by undertaking a taxonomy of 66 models based on their distinctive
multimodal inputs and outputs. Further, aligning with the structural framework of LMMs
outlined in Section 3.1, we present a detailed breakdown of each model’s components and
list them systematically in Tables 2–5.

3.5.1. Image+Text to Text

The “Image+Text to Text” model, also referred to as the image understanding model,
constitutes both the starting point and a focal point of extensive research interest within
the LMM community. Notably, it has the highest prevalence in terms of model quantity. In
this section, we have selected 28 representative image understanding models as a basis for
our study, as outlined in Table 2. A summary of these models’ frameworks is depicted in
Figure 9. Figure 10 shows an example of dialogue in an image understanding model.

Upon statistical analysis of the components employed in image understanding models
from Table 2, it emerges that CLIP-ViT is currently the most widely adopted visual encoder,
followed closely by Eva-CLIP-ViT. These encoders demonstrably outperform alternative
types of visual encoders. This superiority may stem from the contrastive learning paradigm
employed by CLIP, coupled with its 400 million high-quality image–text pairs, which
together endow it with a robust capability for visual feature extraction.
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Table 2. Display of architecture components across different image understanding models, ordered
by initial of model name.

Model Vision Encoder Input Modal Aligner Upstream LLM Backbone

BLIP-2 [60] CLIP ViT Q-Former + Linear Mapper Flan-T5/OPT

BLIVA [94] CLIP ViT Q-Former + Linear Mapper Vicuna-7B/Flan-T5XXL

ChatSpot [95] CLIP ViT Linear Mapper Vicuna-7B/LLaMA

CogVLM [96] Eva-2-CLIP ViT MLP Vicuna-v1.5-7B

DRESS [97] Eva-CLIP ViT Linear Mapper Vicuna-v1.5-13B

DLP [77] CLIP ViT Q-Former + P-Former +
Linear Mapper OPT/Flan-T5

IDEFICS [98] OpenCLIP Cross Attention Layer LLaMA

InternLM-XComposer [99] Eva-CLIP ViT Cross Attention Layer Intern-LM

InternLM-XComposer2 [100] CLIP ViT Cross Attention Layer Intern-LM2

Lyrics [78] CLIP ViT MQ-Former + Linear Mapper Vicuna-13B

LLaVA [101] CLIP ViT Linear Mapper Vicuna-7B/13B

LLaVA-1.5 [102] CLIP ViT MLP Vicuna-v1.5-7B/13B

LLaVAR [88] CLIP ViT Linear Mapper Vicuna-13B

MiniGPT-v2 [103] Eva-CLIP ViT Linear Mapper LLaMA-2-Chat-7B

MiniGPT-4 [61] Eva-CLIP ViT Q-Former + Linear Mapper Vicuna-13B

mPLUG-Owl [104] CLIP ViT Cross Attention Layer LLaMA-7B

mPLUG-Owl2 [105] ViT Modality-Adaptive Module LLaMA-2-7B

mPLUG-DocOwl [106] CLIP ViT Cross Attention Layer LLaMA-7B

MobileVLM [107] CLIP ViT Lightweight Downsample
Projector (LDP) MobileLLaMA

MobileVLM V2 [108] CLIP ViT Lightweight Downsample
Projector v2 (LDPv2) MobileLLaMA

Otter [109] CLIP ViT Cross Attention Layer LLaMA-7B

Osprey [110] ConvNeXt-Large MLP Vicuna

PandaGPT [111] ImageBind Linear Mapper Vicuna-13B

PaLI-X [112] ViT Linear Mapper UL2-32B

Qwen-VL [113] ViT Cross Attention Layer Qwen-7B

RLHF-V [114] BEiT-3 Linear Mapper Vicuna-v1-13B

Silkie [115] ViT Cross Attention Layer Qwen-7B

VILA [116] ViT Linear Mapper LLaMA-2-7B/13B

Image Encoder

LLM

Modal-Aligner

LoRA

Text

Image
Text

embeddings

Figure 9. Common architecture of “Image+Text to Text” models.
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BLIP-2: Bootstrapping Language-Image Pre-training with Frozen Image Encoders and Large Language Models

The audi e-tron quattro concept is a 
plug-in hybrid electric sports car 
that has a range of 310 miles and 
can accelerate from 0 to 60 mph in 
just 4 seconds.

Explain the advantages of 
this product.

The great wall of china was built in 
221 bc by emperor qin shihuang to 
protect the emperor's capital from 
invaders from the north.

Tell me something about 
the history of this place.

It is a genus of flowering plants in the 
orchid family, orchidaceae. It is 
native to eastern asia and south east
asia. It is a perennial flowering plant 
that grows up to a height of 1 m.

Write down the facts that you 
know about this flower.

Yes, it's a house that looks like it's 
upside down.

Is this photo unusual? 

How could someone get 
out of the house? 

It has a slide on the side of the 
house.

A man and a chicken.

What are shown in the photo?

What does the man feel 
and why? 

He is scared of the chicken 
because it is flying at him.

Pepperoni, mozzarella cheese, pizza 
sauce, olive oil, salt, pepper, basil.

What are the ingredients I 
need to make this?

What is the first step?

Place the pizza dough on a baking 
sheet, brush with olive oil, sprinkle 
with salt, pepper, and basil.

Love is like a sunset, it's hard to 
see it coming but when it does it's 
so beautiful.

Write a romantic message 
that goes along this photo.

Darren and Jade are a couple who 
have a passion for horses, so we 
decided to take a photo of them 
with a horse in the desert on their 
wedding day.

Tell us about the photo you 
took for Darren and Jade.

cat: hey dog, can i ride on your back? 
dog: sure, why not? 
cat: i'm tired of walking in the snow.

Write a conversation 
between the two animals.

Singapore.

Which city is this? 

Why do you think so?

The city has a statue of a merlion.

The titanic sank.

What happened at the end 
of this movie?

Did Leonardo Dicaprio's
character survive?

No, he drowned.

A pizza that looks like a cat.

What is in the photo?

What is the nose made of?

A slice of pepperoni.

Figure 4. Selected examples of instructed zero-shot image-to-text generation using a BLIP-2 model w/ ViT-g and FlanT5XXL, where it
shows a wide range of capabilities including visual conversation, visual knowledge reasoning, visual commensense reasoning, storytelling,
personalized image-to-text generation, etc.

Figure 10. Examples from [60] of how BLIP-2 understands images and communicates with users.

Additionally, the linear mapper and cross-attention layer are frequently employed as
modal aligners, possibly due to their structural simplicity and performance efficiency when
compared to aligners such as P-former. Another approach involves employing custom
modal aligner designs. For instance, mPLUGOwl2 [105] introduced a modality-adaptive
module designed to accurately compute and compare the similarity between different
modalities within a shared semantic space. In parallel, the MobileVLM series [107,108] uses
a lightweight downsample projector (LDP), which, unlike Q-former, maintains the spatial
location information of visual features while being architecturally lightweight.

Regarding upstream LLM preferences, Vicuna [56] has emerged as the mainstream
selection, surpassing the LLaMA series [8,9]. Vicuna, as a derivative model fine-tuned
atop the supervised data from ShareGPT.com, exhibits superior performance compared
to LLaMA. This phenomenon elucidates a technical predilection within the field of image
understanding models, wherein there is an inclination towards LLMs that combine light
weight, low training cost, and high-quality dialogue.

3.5.2. Video+Text to Text

The quantity of “Video+Text to Text” models for video understanding is relatively low
compared to image understanding models. In Table 3, we have selected nine representative
models as references. Due to the inherent unity in processing both videos and images,
these models also inherently possess the ability to understand images. Figure 11 presents
an overview of the architectural frameworks employed by these models, while Figure 12
shows an example of dialogue in video understanding models.

Image Encoder

LLM

Modal-Aligner
LoRA

Text

Image

Text

embeddings

Audio Encoder Modal-AlignerAudio

Video Encoder Modal-AlignerVideo

Figure 11. Common architecture of “Video+Text to Text” models.
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Figure 12. Example showcasing how a model understands and replies to video, taken from the
VideoChat paper [87].

Table 3. Display of architectural components across different video understanding models.

Model Vision Encoder Input Modal Aligner Upstream LLM Backbone

Dolphins [117] CLIP ViT Cross Attention Layer LLaMA/MPT

InstructBLIP ViT Q-Former + Linear Mapper Vicuna/Flan-T5

InternVL [118] InternViT-6B Cross-attention + QLLaMA + MLP Vicuna-13B

Lynx [119] Eva-CLIP ViT Cross Attention Layer Vicuna-7B

mPLUG-video [120] TimeSformer [121] Cross Attention Layer + Linear Mapper Chinese GPT-3 1.7B [122]/2.3B [123]

VAST [124] ViT Cross Attention Layer Vicuna-13B

VideoChat [87] ViT Q-Former + Linear Mapper Vicuna

Video-ChatGPT [125] CLIP ViT Linear Mapper Vicuna-v1.1

Video-LLaMA [126] Eva-CLIP ViT Q-Former + Linear Mapper Vicuna/LLaMA

In the context of image generation models, CLIP ViT often serves as a prevalent choice
for the vision encoder component, models from the Stable Diffusion series [13,14] are
predominantly employed as the vision generator. On the other hand, the selection of
upstream large language model (LLM) backbones exhibits a higher degree of diversity,
ranging from Vicuna to LLaMA and even extending to web-based ChatGPT [54]. These
models feature more varied composition and implementation methods. For example, in
Visual-ChatGPT [90] and DiffusionGPT [62], the model structure is not an end-to-end
design, instead integrating ChatGPT in order to refine the prompt optimization.

3.5.3. Image+Text to Text+Image

Models in the “Image+Text to Text+Image” category should not be considered as mere
image generation models; instead, they are bifurcated into two principal classes, namely,
image editing models and generative models. Figure 13 presents an overview workflow of
“Image+Text to Text+Image” models. As depicted in Table 4, among the 23 selected models,
models such as CogCoM [127], DetGPT [128], Shikra [86], and SPHINX-X [129] (which does
not contain a vision generator component) consequently do not possess the inherent ability
to synthesize images. However, they are endowed with the ability to perform a variety
of operations on input images, encompassing extraction, annotation, and segmentation,
leading to their classification as image processing models. For instance, CogCoM is capable
of executing cropping and zoom-in operations to acquire detailed local visual content, and
can identify textual information within images through OCR while performing reasoning
based on visual input. Although image editing does not equate to image generation, it does
manifest the capacity of LMMs to comprehend and manipulate visual input data.
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Figure 13. Common architecture of “Image+Text to Image+Text” models.

The remaining models incorporate a vision generator within their architectural com-
position, signifying that they are equipped for both image editing and for generating
new image content or style transfer conditioned upon either textual or visual inputs. A
case in point is LLaVA-Plus, which introduces ’Thought’ and ’Action’ fields to its input
data and exists in two configurations: LLaVA-Plus (All Tools) harnesses all visual tools
except semantic segmentation to enrich image features during both training and evaluation
phases, whereas LLaVA-Plus (Fly) dynamically invokes and executes relevant tools for
object detection, semantic segmentation, OCR, and conditional image generation according
to the provided instructions. Figure 14 shows the capacities of LLaVA-Plus.
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Figure 1: Visual illustration of LLaVA-Plus’ capabilities enabled by learning to use skills.

remains challenging to develop a unified architecture that can seamlessly incorporate a wide range
of skills, such as image segmentation and generation, which are crucial for real-world multimodal
applications. (ii) Tool chaining with LLMs, where the prompts are meticulously crafted to enable
LLMs (e.g., through LangChain lan (2022)) to invoke different tools (e.g., pre-trained vision models)
to perform desired (sub-)tasks, without the need of additional model training. Some prominent works
include VisProg (Gupta & Kembhavi, 2022), ViperGPT (Surı́s et al., 2023), Visual ChatGPT (Wu
et al., 2023), X-GPT (Zou et al., 2023a), and MM-REACT (Yang et al., 2023b). The strength of these
methods is the ability to perform a broad spectrum of visual tasks through the use of (new) tools,
which can be incorporated into an AI agent with very low development cost. However, prompting
is neither adaptable nor robust enough to allow multimodal agents to always accurately select and
activate appropriate tools (from a large and diverse toolset) and compose their results to generate final
answers on the fly for real-world multimodal tasks.

In this paper, we present LLaVA-Plus (Large Language and Vision Assistants that Plug and Learn
to Use Skills), a general-purpose multimodal assistant that learns to use tools using an end-to-end
training approach that systematically expands the capabilities of LMMs via visual instruction tuning.
To the best of our knowledge, this is the first attempt reported to combine the strengths of the
end-to-end training and tool chaining methods mentioned above. LLaVA-Plus is equipped with a
skill repository that contains a wide range of vision and vision-language tools. The design is an
embodiment of the “Society of Mind” scheme (Minsky, 1988), where each tool is originally designed
for a specific skill and by itself is only useful for specific scenarios, but the combinations of these
tools lead to emergent abilities that show signs of higher intelligence. For example, LLaVA-Plus
is able to construct a new workflow on the fly, given users’ multimodal inputs, select and activate
relevant tools from the skill repository, and compose their execution results to fulfill many real-world
tasks that are unseen during model training.

LLaVA-Plus can be continually improved by incorporating new skills or tools via instruction tuning.
Consider a new multimodal tool that has been developed for a specific scenario or skill. We collect
pertinent user instructions that request this tool and their execution results (or following) to form
instruction-following data for tuning. After instruction tuning, LLaVA-Plus expands its abilities as it
learns to use this new tool to deal with the tasks that it cannot handle before. LLaVA-Plus also differs
from those existing works on teaching LLMs to use tools (e.g., Yang et al., 2023a; Patil et al., 2023),
where visual signals are only used when the multimodal tools are activated. In contrast, LLaVA-Plus
uses the raw visual signals through the entire human-AI interaction sessions to improve LMM’s
ability of planning and reasoning.

In summary, our paper makes the following contributions:

• New multimodal instruction-following tool use data. We present a new pipeline for curating
vision-language instruction-following data, dedicated for tool use in human-AI interaction
sessions, leveraging ChatGPT and GPT-4 as labeling tools.

• New large multimodal assistant. We have developed LLaVA-Plus, a general-purpose multimodal
assistant that extends LLaVA (Liu et al., 2023a) by incorporating a large and diverse set of
external tools that can be selected, composed, and activated on the fly for performing tasks.
As shown in Figure 1, LLaVA-Plus significantly extends LMM’s capabilities. Our empirical

2

Figure 14. Examples showing how LLaVA-Plus processes and generates images.

Furthermore, a discernible trend among certain “Image+Text to Image+Text” models
is their development incorporating a vision generator into the foundational architecture of
prior image understanding models. Illustrative examples include Kosmos-G [63], which
builds upon Kosmos-1 [130], along with LLaVA-Plus and LISA [131], both of which are
constructed atop the LLaVA [101] framework.

Table 4. Display of architectural components across different “Image+Text to Image+Text” models,
ordered by model name. Visual foundation models (VFMs) are a kind of pretrained model used to
solve specific visual tasks, such as image recognition, image generation, etc.

Model Vision Encoder Input Modal
Aligner

Upstream LLM
Backbone

Output Modal
Aligner Vision Generator

CogCoM [127] Eva-2-CLIP ViT MLP Vicuna-v1.5-7B - -

DreamLLM [132] CLIP ViT Linear Mapper Vicuna-v1.5-7B MLP Stable Diffusion

DetGPT [128] CLIP ViT Linear Mapper Vicuna-13B - -

DiffusionGPT [62] - - ChatGPT - Stable
Diffusion-1.5

Emu [133] Eva-CLIP ViT Causal
Transformer LLaMA-13B MLP Stable

Diffusion-1.5

Emu-2 [134] Eva-2-CLIP ViT Linear Mapper LLaMA-33B MLP Stable Diffusion
XL
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Table 4. Cont.

Model Vision Encoder Input Modal
Aligner

Upstream LLM
Backbone

Output Modal
Aligner Vision Generator

GILL [79] CLIP ViT Linear Mapper OPT-6.7B GILLMapper Stable
Diffusion-1.5

GLaMM [135] CLIP ViT MLP Vicuna-7B/13B MLP Stable Diffusion
XL

GPT4ROI [136] CLIP ViT Linear Mapper Vicuna-7B - -

Kosmos-G [63] CLIP ViT Linear Mapper MAGNETO AlignerNet Stable
Diffusion-1.5

LaVIT [137] ViT Cross Attention
Layer LLaMA-7B Designed-

quantizer Stable Diffusion

LISA [131] ViT - LLaVA-7B/13B - -

LLaVA-Plus [138] - - LLaVA-7B/13B - Stable Diffusion

MiniGPT-5 [139] Eva-CLIP ViT Q-Former + Linear
Mapper Vicuna-7B Transformer +

MLP StableDiffusion-2

MM-Interleaved
[80] CLIP ViT Cross Attention

Layer Vicuna-13B Transformer Stable
Diffusion-2.1

PixelLM [140] CLIP-ViT MLP LLaMA2-7B/13B - -

SEED [141] CLIP ViT Q-Former+Linear
Mapper OPT-2.7B Q-Former+Linear

Mapper Stable Diffusion

Shikra [86] CLIP ViT Linear Mapper Vicuna-7/13B - -

SPHINX-X [129] DINOv2/CLIP-
ConvNeXt Linear Mapper

TinyLlama-
1.1B/LLaMA2-
13B/Mixtral-

8×7B/InternLM2-
7B

- -

Visual ChatGPT
[90]

Visual Foundation
Models - ChatGPT - Visual Foundation

Models

VL-GPT [142] CLIP ViT Causal
Transformer LLaMA-7B Transformer Stable Diffusion

According to the illustration in Table 4, it is apparent that almost all large-scale
image generation models leverage variants from the Stable Diffusion series as their vision
generators. This widespread adoption is attributed to the dominant performance of Stable
Diffusion in the field of image synthesis, which consistently excels across a multitude of
metrics. With respect to vision encoders, the majority of models opt for either CLIP ViT or
Eva-CLIP ViT architectures.

In terms of upstream LLM backbone selections, the findings in image understanding
diverge from those observed in this study. LLaMA has been preferred over Vicuna, pri-
marily due to the differing landscape. LLaMA’s commanding role is more preferable in
this context.

3.5.4. Video+Text to Text+Video

“Video+Text to Text+Video” models can be conceptualized as video generation models,
as listed in Table 5, where six representative models are presented. Among these, models
such as CoDi-2 [143], ModaVerse [144], and NExT-GPT [145] exemplify ‘any-to-any’ large
multimodal models capable of understanding or generating text, audio, image, and video
content. Figure 15 provides an overview framework for these models.
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Figure 15. Common architecture of “Video+Text to Text+Video” models.

Table 5. Display of architectural components across different “Video+Text to Text+Video” models,
ordered by model name. “Model Zoo” refers to various models in Huggingface, such as “damo
vilab/text to video ms1.7b” [146].

Model Vision Encoder Input Modal
Aligner

Upstream LLM
Backbone

Output Modal
Aligner Video Generator

CoDi [147] CLIP Cross Attention
Layer - Cross Attention

Layer
designed Video

LDM

CoDi-2 [143] ImageBind MLP LLaMA 2-7B MLP Zeroscope-v2

GPT4Video [148] CLIP ViT Cross Attention
Layer LLaMA-7B - ZeroScope

HuggingGPT [149] - - ChatGPT - Model Zoo

ModaVerse [144] ImageBind Linear Mapper LLaMA-2 MLP Videofusion

NExT-GPT [145] ImageBind Linear Mapper Vicuna-7B Transformer-31M Zeroscope

Among the employed components, ImageBind [75] is the most commonly utilized
vision encoder, whereas LLaMA 2 [9] represents the prevailing choice of upstream LLM
backbone. For the video generator, the mainstream option is the ZeroScope series of
open-source models from HuggingFace, which is a video generation model developed
by Alibaba DAMO Academy. This model automatically generates videos consistent with
user-provided text descriptions, incorporating visual elements (scenes), audio elements
(music and sound effects), and subtitles. Furthermore, HuggingGPT [149] adopts the
design concept of Visual-ChatGPT [125], employing ChatGPT [54] as its upstream LLM
backbone to comprehend, process, and refine user prompts. In addition, it harnesses
the capabilities of various existing external models within the community to facilitate
multimodal input–output interactions.

At present, video generation models can only produce videos of several seconds
in duration, regardless of whether they are based on LMM, Latent Diffusion Models
(LDM) [147,150–152], or GANs [153,154], and often fall short in terms of both logical
coherence and authenticity. Against this backdrop, OpenAI introduced Sora in February
2024, a model that, by understanding textual descriptions, can generate high-definition
video content up to one minute long while adhering to the laws of physics in the real world
and maintaining logical continuity. Currently, neither the technical details nor the inner
workings of the Sora model have been publicly disclosed. Figure 16 presents an overview
of the Sora model’s architecture.
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2.2 Advanced Concepts

Scaling Laws for Vision Models. With scaling laws for LLMs, it is natural to ask whether the devel-
opment of vision models follows similar scaling laws. Recently, Zhai et al. [24] have demonstrated that
the performance-compute frontier for ViT models with enough training data roughly follows a (saturating)
power law. Following them, Google Research [25] presented a recipe for highly efficient and stable train-
ing of a 22B-parameter ViT. Results show that great performance can be achieved using the frozen model to
produce embeddings, and then training thin layers on top. Sora, as a large vision model (LVM), aligns with
these scaling principles, uncovering several emergent abilities in text-to-video generation. This significant
progression underscores the potential for LVMs to achieve advancements like those seen in LLMs.

Emergent Abilities. Emergent abilities in LLMs are sophisticated behaviors or functions that manifest at
certain scales—often linked to the size of the model’s parameters—that were not explicitly programmed
or anticipated by their developers. These abilities are termed "emergent" because they emerge from the
model’s comprehensive training across varied datasets, coupled with its extensive parameter count. This
combination enables the model to form connections and draw inferences that surpass mere pattern recogni-
tion or rote memorization. Typically, the emergence of these abilities cannot be straightforwardly predicted
by extrapolating from the performance of smaller-scale models. While numerous LLMs, such as Chat-
GPT and GPT-4, exhibit emergent abilities, vision models demonstrating comparable capabilities have been
scarce until the advent of Sora. According to Sora’s technical report, it is the first vision model to exhibit
confirmed emergent abilities, marking a significant milestone in the field of computer vision.

In addition to its emergent abilities, Sora exhibits other notable capabilities, including instruction fol-
lowing, visual prompt engineering, and video understanding. These aspects of Sora’s functionality repre-
sent significant advancements in the vision domain and will be explored and discussed in the rest sections.

3 Technology
3.1 Overview of Sora
In the core essence, Sora is a diffusion transformer [4] with flexible sampling dimensions as shown in
Figure 4. It has three parts: (1) A time-space compressor first maps the original video into latent space.
(2) A ViT then processes the tokenized latent representation and outputs the denoised latent representation.
(3) A CLIP-like [26] conditioning mechanism receives LLM-augmented user instructions and potentially
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Figure 16. Overview of the Sora framework, sourced from [155].

4. A Unified Perspective of Large Models

In this section, we delve into commonalities and differences in the technical trajectories
of large models from the view of architectural design, training strategies, fine-tuning
techniques, and prompt engineering in both the LLM and LMM contexts. The overview
frameworks of LLMs and LMMs are detailed in Figure 17.
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Figure 17. Comparison of LLM and LMM overview frameworks

At the architectural level, both LLMs and LMMs fundamentally draw upon the trans-
former architecture [21]. Within LLMs, there exist three primary transformer-based architec-
tural configurations: encoder-decoder, encoder-only, and decoder-only. Conversely, LMMs
build upon either pretrained or fine-tuned LLM backbones, with additional components
potentially rooted in transformers as well; for example, vision encoders such as CLIP [12]
utilize Vision Transformer [65] (ViT), vision generators such as Stable Diffusion-3 [13,14]
utilize Diffusion Transformer [156] (DiT), and modal aligners can adopt smaller multilayer
transformer architectures.
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Regarding training strategies, LLMs place significant emphasis on pretraining, engag-
ing in self-supervised learning over an unlabeled large-scale corpus utilizing autoregressive
language modeling (ALM), prefix language modeling (PLM), or masked language model-
ing (MLM) objectives. This pretraining phase allows the model to learn universal patterns
in text, thereby setting the upper limit of LLM capabilities. By contrast, LMMs do not
train the upstream LLM backbone, instead focusing on the training the modal aligner to
effectively align non-textual modalities into textual feature space, which establishes the
lower bound of LMM capacities.

In terms of fine-tuning strategies, both LLMs and LMMs employ fine-tuning method-
ologies to adapt to new downstream tasks. LLMs utilize two categories of fine-tuning,
depending on the extent of parameter updates: full fine-tuning and parameter-efficient
fine-tuning (PEFT). Meanwhile, LMMs are fine-tuned to enhance the model’s ability to gen-
eralize to novel tasks based on new instructions, thereby improving zero-shot performance.
In addition, techniques such as LoRA can be incorporated during the fine-tuning process
to control the parameter updating consumption.

Both LLMs and LMMs make use of prompt engineering to optimize model outputs
through the refinement of prompts, in-context examples, or chain-of-thought (CoT) ap-
proaches. In LMMs, the application of prompt engineering expands beyond text modalities
to encompass inputs from other modalities as well.

5. Comparative Analysis from the View of Globalization

In this section, we delve into the development status of large-scale models across
diverse global regions, analyzing their latest achievements as well as examining the safety,
limitations, and other contextual factors that shape this status. By integrating case studies
along with economic and political analysis, we strive to offer a comprehensive understand-
ing of the landscape of large-scale models from the view of globalization.

The United States (USA) holds a core and leadership position in various aspects
of large model development, encompassing data, computational power, and model ar-
chitecture. A suite of emblematic large models has originated within USA, including
OpenAI’s GPT series [2–5,85] and DALL-E series [157–159], Google’s Transformer and
PaLM series [6,7], DeepMind’s Gemini series [160,161], and Meta (Facebook)’s LLaMA
series [8,9], to name a few. Furthermore, the monopolistic edge in high-performance hard-
ware enjoyed by the USA, embodied by NVIDIA’s computing GPUs such as the A100 and
H100, provides speed and efficiency advantages for training large models.

The USA’s leadership in large model development is deeply rooted in its strong inno-
vation ecosystem, backed by substantial private investments and a culture that encourages
risk-taking. Socioeconomically, the presence of Silicon Valley and other tech hubs fosters a
competitive environment that spurs advancements. Culturally, the emphasis on free speech
and information access has enabled the creation of vast datasets.

However, this leadership is not without controversy. Models such as GPT-4 [5],
while groundbreaking in the technological realm, have raised ethical concerns in the
safety realm over data bias, potential misuse, and the exacerbation of existing social
inequalities. Moreover, the environmental costs of these models, as well as production
of the related hardware, poses additional carbon challenges due to their massive energy
consumption [162,163].

China is demonstrating robust momentum in the development of large models, accom-
panied by a vibrant market. Robust backing from the Chinese government and scientific
community has spurred intense competition among several leading enterprises, including
Baidu, Alibaba, Tencent, and others seeking to innovate in the AI large model field. Chinese
companies adopt an ecosystem-diverse and systematic approach, typically rolling out a
series of models to create a holistic technological ecosystem. Examples include Baidu’s
ERNIE series [164–166] of large models and its derivative ERNIEBot, Huawei’s PanGu
series [10,11,49] model, Alibaba’s Tongyi series, Tencent’s HunYuan series. Additionally,
Chinese universities actively participate in large model development and research, partner-
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ing with tech companies or independently creating multiple large models, with Tsinghua
University’s CPM [36,37,167] series and GLM [168] being one such instance.

China’s progress in AI is fueled by a combination of state-driven policies, significant
investment, and a large domestic market. The socioeconomic context is characterized by a
digital economy that thrives on massive data generation, which, coupled with government
support, accelerates AI innovation. Politically, the central government’s strategic plans,
such as “Made in China 2025”, prioritize AI, demonstrating a top-down commitment.

The case of China showcases how supportive state-driven policies and strong com-
pany–government partnership can drive innovation; however, this also raises questions
about data privacy, given the state’s involvement. While China has initiated the estab-
lishment of a relevant legal framework for data protection, ensuring in practice that all
data sources and processing by international giants such as Tencent, Baidu, Alibaba, and
ByteDance strictly adhere to regulatory requirements remains a complex issue.

South Korea is capitalizing on its semiconductor industry’s computational strength
to follow closely behind the USA in large model development. The Samsung Group’s
economic will to maintain technological competitiveness drives public-private partnerships
and investments in AI. It has produced or invested several notable large models, such as
the Naver Corporation’s 2000B parameter HyperCLOVA [169], Kakao’s KoGPT [170] based
on GPT-3, and LG’s EXAONE series LMMs.

Europe is taking a distinctive approach to large model development, emphasizing
privacy protection, ethical considerations, and security. An illustration of this is the launch
of the global collaboratively-built open-source BLOOM [171] by HuggingFace, supported
by the French government, which aims to eliminate the secrecy and exclusivity of conven-
tional large language models. Another example is the release of the pretrained Luminous
by the German startup Aleph Alpha.

Politically, the EU’s General Data Protection Regulation (GDPR) sets a global standard
for data privacy, influencing how models are deployed. Culturally, a heightened awareness
of historical experiences with totalitarianism and the importance of individual rights shapes
Europe’s cautious stance on AI.

A case study on Europe’s models could highlight the practical implications of open-
source collaborative efforts in fostering transparency and reducing biases.

Other countries and regions, including Japan, India, and Southeast Asia, generally
trail in the race for large model development. Japan, despite its history in the semicon-
ductor industry, has faced challenges with a less developed IT sector and a decline in
semiconductor industries; nonetheless, it has introduced some large models through part-
nerships with other companies, such as the Japanese version of HyperCLOVA developed
in conjunction with NAVER and its subsidiary LINE. Meanwhile, India, grappling with
a complex linguistic environment and limited resources, has witnessed the advent of a
handful of domestic large models, e.g., OpenHathi by Sarvam AI and Hanooman by the
BharatGPT consortium.

6. On Future Directions
6.1. Less Computation, More Tokens

With the ever-increasing scale of parameters and the elongation of input token se-
quences, various large-scale models built upon the transformer block inevitably encounter
computational efficiency issues concerning long sequences. Against this backdrop, the
Mamba architecture is emerging as an innovative design, integrating the state space model
(SSM) [172,173] framework with the transformer [21] architecture, thereby reducing reliance
on the attention mechanism and realizing linear-time complexity in sequence modeling.

Compared to transformers of equivalent scale, Mamba exhibits heightened throughput
and superior performance; thus, it is gradually becoming a central component in diverse large
models. In the field of NLP, Mamba-inspired variants such as DenseMamba [174], Dual-path
Mamba [175], and SPMamba [176] have been successfully employed. In CV, adaptations such
as Vison Mamba (Vim) [177] (detailed in Figure 18), VMamba [178], and FusionMamba [179]
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showcase the versatility of the Mamba architecture. Meanwhile, examples within the
multimodal realm include VL-Mamba [180] and Motion Mamba [181], among others.

Figure 18. Comparison of ViT (Vision Transformer-based) and Vim (Mamba-based) architectures
within the computer vision realm.

Hawk and Griffin [182], both novel RNN variants, have been propose by a Google.
Hawk, utilizing gated linear recurrences, outperforms Mamba in downstream tasks, while
Griffin, a hybrid model combining gated linear recurrence and local attention, matches
Llama-2’s performance with significantly reduced training data. Both models exhibit
efficiency during training, lower inference latency, and higher throughput.

Looking ahead, in addition to Mamba, Hawk, and Griffin, there will be more and
more new architectures challenging transformer, providing a foundational basis for the
construction of better large-scale models.

6.2. Less Fine-Tuning, More Prompt Engineering

With the advancement of prompt engineering techniques, as evidenced by studies
such as [29,32,33,92,93], we are currently witnessing a shift in the approach to adapting
large models for downstream tasks. Traditionally, performance optimization has heav-
ily relied on extensive parameter fine-tuning or parameter-efficient fine-tuning methods
such as LoRA [27,28]; however, the costs associated with fine-tuning models with large
parameter counts are notably high. Presently, a more efficient alternative is emerging
wherein better results can be achieved by judicious manipulation of prompts or through
the utilization of CoT. This transition significantly enhances the parameter efficiency of
model adaptation, mitigating the need for exhaustive parameter adjustments while still
achieving improved performance.

6.3. Fewer Parameters, More Datasets

The prevailing notion holds that the performance of large models scales proportion-
ally with the increase in model parameters, as evidenced by studies including [1,4,24,84].
However, recent works such as [8,41] have substantiated scaling laws suggesting that even
with a reduction in model parameters, equivalent performance can be attained by augment-
ing data diversity and employing larger-scale datasets. On the other hand, compared to
comprehensive large models that can solve everything with a huge number of parameter,
small models that perform well on specific tasks may be more popular. Within the realm
of LMMs more specifically, there has been a discernible trend towards adopting backbone
LLMs with relatively smaller parameter counts that are instead rooted in more extensive
pretraining datasets.
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Consequently, the anticipated trajectory of future research eschews the erstwhile
emphasis on ceaselessly expanding model parameter scales, instead favoring the strategic
exploitation of more varied and voluminous data resources to maximize the untapped
potential of these models.

7. Conclusions

This article has systematically reviewed the evolutionary trajectory from single-modal
LLMs to LMMs, encompassing the latest research developments. We have sequentially
examined architectural designs, training strategies, and prompt engineering techniques,
enumerated several representative LLMs, and conducted a taxonomy of recent 66 state-
of-the-art visual–language LMMs. Furthermore, we have contrasted the development of
large models in view of globalization and outlined three potential directions for future
advancements in large model development. We hope that this comprehensive review
will better equip researchers to understand how the capabilities of LLMs can be extended
to LMMs and provide guidance in engaging with research endeavors involving large-
scale models.
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