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Abstract
Abstract

Recent advancements in large language models (LLMs) have demon-
strated impressive capabilities in text-based understanding and genera-
tion. However, there remains a significant opportunity to extend these
capabilities to support any-to-any generation, allowing models to process
and produce outputs across text, images, and audio. To address this
challenge, we propose a two-stage approach: first, we pre-train existing
unimodal models, such as Phi-1.5, on a diverse array of multimodal
data to build foundational cross-modal representations. This pre-training
equips the model with a robust understanding of the interactions between
different modalities. In the second stage, we fine-tune the model on an
extensive collection of multimodal instructions, enabling it to perform
complex tasks that require generating responses in all three modalities.
To ensure seamless integration across modalities, we utilize quantization
techniques that convert various data types into a unified representation
space, facilitating the application of standard text tokenization meth-
ods. Our system will be rigorously evaluated on multiple multimodal
benchmarks to assess its performance and generalization capabilities.
Furthermore, we plan to investigate training strategies that do not depend
on quantization, aiming to enhance the model’s fidelity and efficiency
in multimodal interactions. This research aims to advance the develop-
ment of versatile LLMs capable of dynamic any-to-any generation across
diverse forms of data.

1 Introduction

2 Introduction

The principled scaling of language models, particularly with respect to both model size and data
volume, has yielded powerful systems that demonstrate impressive generalization capabilities and
understanding across a wide range of text-based tasks [1]]. Recent advancements, notably models
such as LLaMA [2} 3], Mistral [4], Qwen [, 6]], Yi [7], and Gemma [8]], illustrate the significant
progress achieved through such scaling laws. These systems have reached new benchmarks results in
language understanding and generation, benefiting from vast data and substantial compute resources.
Yet, despite their successes, these models are inherently limited by their reliance on text as the sole
modality, both for input and output. This constraint limits their applicability in real-world, multimodal
settings where users may need to process and generate across various forms of data, including images,
audio, and video.
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To bridge this gap, efforts have emerged to extend large language models (LLMs) to multimodal
capabilities, enabling them to understand and generate insights from different data types. Models
like MiniGPT-4 and others have pushed the boundaries of multimodal comprehension [9, [10, [11} [12}
13, 114]. These models, however, largely focus on multimodal understanding rather than generation,
thereby limiting their generative capabilities in practical applications that demand versatile output
across modalities.

In this work, we aim to address these limitations by training language models to handle multimodal
data as both inputs and outputs—a concept we refer to as “any-to-any generation.” Our methodology
involves tokenizing non-text data (e.g., images, audio) to transform them into discrete token repre-
sentations, effectively creating a unified data format that can be processed by LLMs using standard
text tokenizers [15) [16]. By applying text-based tokenization across these diverse data types, we
establish a consistent framework for handling various modalities within a single model architecture.
Our approach draws inspiration from prior work on multimodal processing in LLMs [17], but we aim
to advance this by introducing a multi-stage process that enhances the model’s capability to generate
outputs across all included modalities.

Specifically, our training approach is structured into two key stages:

1. Stage 1 - Continuous Pretraining on Multimodal Data: We initiate this stage by extending
existing unimodal LLMs, using Phi-1.5 [[18]] as our baseline, to train on multimodal data.
Through this pretraining phase, the model begins to develop an understanding of patterns
and representations across different data types, laying the groundwork for multimodal
generation.

2. Stage 2 - Instruction-Focused Fine-Tuning with Any-to-Any Data: In the second stage,
we compile and curate a vast dataset of diverse instruction-based multimodal interactions.
By fine-tuning on this rich instruction data, we enable the model to generate responses for
inputs across any combination of images, text, and audio. Early observations from this
stage indicate that the model effectively handles instructional prompts involving all three
modalities, showcasing its flexibility in generating contextually appropriate responses.

Our next steps involve a thorough evaluation of the model across various multimodal benchmarks to
quantify its performance, robustness, and generalization capabilities across modalities. In addition
to assessing our model’s performance, we plan to conduct comparative analyses with other leading
any-to-any generative models, evaluating strengths and weaknesses across different benchmarks
and datasets. Furthermore, as part of our ongoing research, we aim to develop models capable of
processing image and speech modalities directly, circumventing the need for quantization. This
would further streamline multimodal processing, offering a more seamless and efficient approach to
any-to-any generation.

In the following sections, we provide an in-depth review of related work in Section [3]and outline our
experimental design and progress in Section [

3 Related Work

Large Language Models (LLMs) have revolutionized natural language processing, demonstrating
unprecedented capabilities across various tasks. While their success in unimodal scenarios is well-
established, extending these capabilities to multimodal domains remains a frontier of active research.
The development of multimodal LLMs has progressed through several significant stages, from early
foundational works to recent unified frameworks.

The initial phase of multimodal LLM development during 2020-2021 was marked by several pio-
neering works that established core methodological foundations. CLIP [19] introduced a paradigm-
shifting approach by leveraging contrastive learning to bridge the visual-linguistic divide, successfully
creating unified representations across modalities. This was complemented by DALL-E [20]], which
demonstrated the first successful large-scale text-to-image generation system, validating the feasibility
of cross-modal generative tasks. In parallel, architectural innovations emerged through works like
UNITER [21]], which introduced a unified framework for vision-language understanding through
extensive pre-training. ViLT [22] further refined this approach by proposing a streamlined architecture
that efficiently integrated visual and linguistic features while maintaining strong performance across
diverse multimodal tasks.



The field subsequently progressed toward more sophisticated architectural explorations during 2022-
2023. Flamingo [23] introduced a novel integration approach, combining pre-trained language
models with visual encoders to achieve exceptional performance in visual question-answering.
CoCa [24] advanced this trajectory by developing a unified framework for vision-language pre-
training and image-text generation through contrastive captioning. This period also saw the expansion
of multimodal capabilities into practical applications. PALM-E [25]] demonstrated the feasibility of
extending multimodal processing to robotic control, while GPT-4V [26] showcased sophisticated
visual reasoning capabilities within a large language model framework. BLIP-2 [27] introduced an
innovative bootstrapping approach that effectively addressed the modality gap in vision-language
pre-training.

Recent advances in multimodal generation have explored diverse architectural approaches for handling
multiple modalities. Transfusion [28]] represents a novel direction by integrating a predict-then-diffuse
paradigm within a unified transformer architecture, enabling joint processing of both discrete tokens
and continuous features. This approach demonstrates the potential of combining language modeling
capabilities with diffusion-based generation in a single framework. Building upon the idea of unified
multimodal processing, CoDi [29] introduced a composable diffusion framework that creates a shared
latent space across modalities, allowing for flexible generation between different modality pairs
through carefully designed diffusion paths and attention mechanisms.

For Any-to-Any Generation with LLMs, AnyGPT [17] represents a significant breakthrough by
introducing a unified multimodal processing framework. Its innovative use of discrete representations
enables seamless integration of diverse modalities—including speech, text, images, and music—
within a single LLM architecture. The introduction of AnylInstruct-108k, comprising 108,000
multi-turn dialogue samples, marks a crucial contribution to large-scale multimodal instruction
data. Complementing these architectural advances, MixEval [30] has introduced a novel evaluation
paradigm that efficiently combines existing benchmarks. Its methodology achieves a remarkable 0.96
correlation with human assessments while significantly reducing evaluation costs to 6% of traditional
methods.

Despite these advances, several key challenges persist in multimodal LLM development. These
include ensuring effective alignment across different modalities, balancing architectural sophistication
with computational efficiency, and managing the substantial computational resources needed for
training and deployment. Recent works have proposed innovative solutions to these challenges.
AnyGPT addresses them through sophisticated data preprocessing and discrete representations, while
CoDi employs novel composable generation strategies to create a shared multimodal space.

4 Experiments

4.1 Datasets

We train our model in two stages. In stage one we continuously pertaining and existing text-only
LLMs on multi-modal data with the pipeline briefly described in|l} We then fine-tuning (instruction
tuning) the multimodal pre-trained LLM on the vast amount of instruction data. We discuss the
datasets we used subsequently.

4.2 Pre-training Dataset.

For pre-training we follow the approach described [17]. We continuously pre-train Phi-1.5 after
extending it’s tokenizer to support audio and image tokens for roughly same amount of data as
AnyGPT [17].

4.3 Instruction Tuning Dataset.

We collect our instruction tuning data from wide range of sources. It consist multiple multimodal
configurations that involves both understanding and generating multimodal data. We present summary
of our data in Table|[l] However, we intend to refine and extend this data further.



Dataset Type Details

Text2Image (215K) AnyInstruct ]
Image2Text (273K) Llava-instruction—mix
Text2Text (312K) Alpaca [31]

instruct-human-assistant-prompt E]
prosocial-dialog [32]
Share-GPT-GPT4[]
GPT4-LLM-Cleaned ]

Speech2Text(450K) DynamicSuperb [33]] - 10 tasks train splits only

Text2Speech (144K DynamicSuperb/Text2Speech_LibriTTS-
TestOther [33]]
DynamicSuperb/Text2Speech_LibriTTS-
TestClean [33]]

Single Speaker - 145K [33]
LibriTTS-R []

Total 1395K instruction-response pairs
Combined Dataset oo-Instruct-1.4M

Table 1: Any-to-Any Instruction Dataset Overview.

4.4 Baselines

For comparing our model to existing baselines, we utilize the AnyGPT|[17] framework, a unified
multimodal language model that leverages discretization techniques to enable cross-modal gen-
eration between text, audio, and image spaces. Built upon the LLaMA-2[3]] backbone, AnyGPT
provides robust natural language understanding and generation capabilities. To handle multimodal
inputs effectively, the model incorporates specialized tokenizers: the SEED tokenizer[34] for image
discretization, the SpeechTokenizer[15]] for audio processing.

For benchmarking and evaluation, we employ the Multimodal Multilingual Machine Understanding
(MMMU) dataset[35], which provides a diverse suite of multimodal data across various languages
and formats. This dataset allows us to rigorously test AnyGPT’s performance in any-to-any modality
generation tasks, such as text-to-image, audio-to-text, and image-to-audio generation. Using the
MMMU dataset, we can effectively benchmark our model, highlighting its strengths and identifying
areas for improvement in modality versatility and multilingual understanding.

Note. For mid-term update, we consider language model with extended pertaining (referred as
Pretrained) as baseline and and we compare against our instruction tuned model coGPTon MMLU [36]
in zero-shot and five-shot setting.

4.5 Evaluation

We initially aim to do the evaluation on the following benchmark, however, we intend to expand this
over time to make our evaluation more comprehensive.
o Text2Text: We will use MMLU [36] and IFEeval [37] for instruction-following evaluation.

» Image2Text: Initially, we will evaluate image understanding tasks using MMMU [35]], with
plans to expand to other multimodal benchmarks over time.

» Text2Image: We intend to conduct a human evaluation to assess the quality of generated
images from text prompts.

» Speech2Text: For speech understanding, we plan to evaluate our models on over 10 tasks
from DynamicSUPERB [33] that are not included in the instruction-tuning dataset.
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» Text2Speech: We will evaluate our model’s ability to generate speech from text prompts on
the test split of LibriTTS [38]].

5 Results

5.1 Text Understanding

The Massive Multitask Language Understanding (MMLU) [36] benchmark is a comprehensive tool
designed to evaluate language models across diverse subjects such as math, science, humanities,
and social sciences through multiple-choice questions, emphasizing zero-shot performance. This
benchmark offers key insights into models’ generalization abilities in real-world tasks, making it
crucial for natural language processing research. In our evaluation on MMLU, we compared the
zero-shot accuracy of pretrained and instruction-tuned models across varied subjects, finding that
instruction tuning notably enhances performance across domains. These findings underscore the
impact of tuning on improving language models’ multitask capabilities and point to areas for further
model development.

The evaluation of zero-shot and five-shot performances on MMLU tasks across various domains
shows that instruction-tuned models (coGPT) consistently outperform the pretrained baseline. In the
zero-shot setting, coGPTachieved the highest average accuracy of 33.7%, with particularly strong
results in domains like Business, Geography, and Culture. These improvements are also evident in
the five-shot setup, where our coGPTreached an average accuracy of 35.9%, demonstrating robust
gains across tasks such as World Religions, Health, and Computer Science. This trend indicates that
instruction tuning enhances the model’s adaptability and performance in both few-shot and zero-shot
settings, especially in knowledge-intensive tasks.

5.2 Multimodal Understanding

The Massive Multi-discipline Multimodal Understanding [39]]

5.3 Speech Understanding
6 Division of Work

Abdul Waheed — Proposed the initial project idea and led the work on pretraining, followed by
multimodal instruction data collection. Conducted experiments on instruction tuning and initial
evaluations presented in this update. Also took the lead on drafting this report.

Abhigyan Kishor — Conducted essential research on baselines, contributed in-depth explanations for
the report, and is currently experimenting with baseline evaluations on audio and image understanding
and generation benchmarks. Actively participated in discussions about various project aspects.

Liangyu Wang — Conducted a thorough literature review and compiled findings for the paper,
contributing critical insights for experiments. Engaged in project discussions and is exploring
evaluations of baselines and coGPTon novel benchmarks.

7 Conclusion



Task Name Zero-Shot 5-Shot

LM-Base AnyGPT PT ooGPT LM-Base AnyGPT PT ooGPT

Religions 339 42.7 24.6 374
Math 23.1 25.7 24.0 30.5
Health 24.1 38.5 249 39.4
Physics 24.5 28.0 26.4 32.8
Business 25.9 48.7 19.5 46.7
Biology 21.6 37.9 28.0 42.3
Chemistry 21.1 27.1 19.5 30.7
CompSci 26.2 39.6 24.8 34.2
Economics 21.2 32.6 22.5 36.0
Engineering 26.2 40.7 22.8 42.8
Philosophy 244 28.6 23.0 29.6
Other 24.2 38.2 24.0 394
History 243 34.7 23.8 38.5
Geography 18.2 45.5 21.7 49.0
Politics 21.3 38.0 22.1 46.0
Psychology 22.1 343 23.2 374
Culture 25.6 42.2 25.0 48.2
Law 24.5 28.5 24.2 28.9
STEM 23.6 30.7 24.7 33.9
Humanities 244 29.8 23.6 31.1
SocialSci 21.8 36.2 22.9 40.8
Misc. 244 39.8 23.8 40.4
Average 23.7 33.7 23.7 35.9

Table 2: Subject-wise zero-shot and five-shot accuracy on MMLU: Pretrained vs coGPT models,
including placeholders for LM-Base and AnyGPT.
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