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Towards Unified and Generalizable Multimodal Foundation Models

Zhiyang Xu

(ABSTRACT)

Recent advances in multimodal models have reshaped multimodal learning by leveraging
large language models (LLMs) as backbones and integrating them with vision encoders or
diffusion models. These approaches have achieved strong performance in either multimodal
understanding or multimodal generation. However, no existing system offers a unified frame-
work capable of performing both understanding and generation across flexible input-output
modality combinations while also generalizing to unseen, real-world tasks. Unification is
essential not only for enabling a single model to perform traditional understanding and gen-
eration tasks, but also for enabling cross-modal tasks, such as visual storytelling, report
generation, and script creation, that neither understanding nor generation models alone can
accomplish. By processing and generating inputs and outputs that span multiple modali-
ties, unified models more closely mirror the way humans naturally acquire and construct
knowledge. Generalization, in turn, enables models to adapt to novel tasks in open-world
environments under human-specified instructions or principles. Together, unification and
generalizability constitute two fundamental pillars for advancing toward general-purpose
multimodal intelligence. This dissertation advances unified and generalizable multimodal
modeling through novel architectures, post-training paradigms, and reinforcement learning
algorithms. It addresses two enduring challenges in multimodal foundation models: (1) the
lack of modality unification, and (2) limited generalizability in open-world settings. The
contributions are fourfold. First, we introduce Modality-Specialized Synergizers (MOSS), a
framework that enables interleaved multimodal generation in pretrained models. Second, we
propose an efficient unified architecture that bridges vision-language models and diffusion
models, providing a novel pathway for joint understanding and generation. Third, we es-
tablish multimodal instruction tuning as a new post-training paradigm to improve zero-shot
generalization and robustness. Finally, we extend image understanding to the spatiotempo-
ral domain by developing a novel reinforcement learning algorithm that promotes temporal
awareness, enabling vision—language models to reason effectively about videos. Extensive
experiments across diverse multimodal benchmarks demonstrate that these approaches sig-
nificantly enhance unification, generalizability, and overall capability. Collectively, this re-
search strengthens the foundations of multimodal Al and outlines a pathway toward universal
models that can understand, reason, and generate across modalities in complex open-world
environments.



Towards Unified and Generalizable Multimodal Foundation Models

Zhiyang Xu

(GENERAL AUDIENCE ABSTRACT)

Artificial intelligence systems are increasingly able to work with different types of informa-
tion, such as text, images, and videos. For example, modern Al tools can answer questions
about pictures, write stories based on images, or generate new images from written de-
scriptions. However, most existing systems are designed to perform only one type of task
well—either understanding information (such as recognizing what is in an image) or gener-
ating new content (such as creating images or text). They also often struggle to adapt to
new tasks that were not specifically included during training. This dissertation studies how
to build more flexible AI systems that can both understand and create information across
different forms of media. Instead of designing separate models for text, images, and videos,
the goal is to develop unified systems that can process multiple types of data together and
produce outputs in different formats. Such systems more closely resemble how humans think
and communicate, since people naturally combine language, visual perception, and tempo-
ral experiences when understanding the world. To achieve this goal, this research proposes
several new techniques for training and designing multimodal AI systems—AI models that
can work with multiple kinds of data at the same time. First, it introduces a method that
allows models to combine specialized components for different types of information while
still working together as a single system. Second, it presents a new architecture that con-
nects two previously separate types of Al models, enabling both understanding and content
generation within one framework. Third, it develops a training strategy that teaches models
to follow human instructions across different tasks, allowing them to better adapt to un-
familiar problems. Finally, it proposes a learning algorithm that helps Al systems better
understand videos by learning how events unfold over time. Experiments show that these
methods significantly improve the flexibility and adaptability of multimodal Al systems. By
enabling a single model to understand and generate information across text, images, and
videos, this work moves closer to building general-purpose Al tools that can assist people in
a wide range of real-world tasks, such as storytelling, education, and information analysis.
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Chapter 1

Introduction

1.1 Background

Recent advances in multimodal models have driven remarkable progress toward building
versatile multimedia assistants, demonstrating sophisticated capabilities in understanding
and generating cross-modal content such as text, images, and videos. Pretrained on large-
scale internet data, these foundation models achieve state-of-the-art results on numerous
benchmarks and have been applied across a wide range of real-world tasks.

Despite these successes, current multimodal foundation models face two fundamental limita-
tions that prevent them from functioning as truly general-purpose multimodal intelligence.
First, they lack modality unification. Most models are designed either for understanding
(e.g., visual question answering, captioning) or for generation (e.g., text-to-image synthe-
sis), but struggle when tasks require both modalities as inputs and outputs. For example,
interleaved text—image generation tasks such as visual storytelling or multimodal script gen-
eration require a model to track narrative progression across text and images and continue
generating coherent multimodal sequences, capabilities that current systems cannot fully
support. Second, multimodal models exhibit limited generalizability in open-world scenar-
ios. While they achieve strong performance on in-distribution benchmarks, these models
often fail to adapt to novel tasks, robustly follow human instructions, or align outputs with
human preferences. This limits their practical utility in dynamic, real-world environments.

These challenges arise from several architectural and post-training constraints. Architec-
turally, most multimodal models enforce single-modality outputs (either image or text),
reducing flexibility. When tasks require cross-modal outputs, existing approaches often rely
on multiple specialized models and decompose the problem into subtasks, leading to incoher-
ent results. From the post-training perspective, current strategies frequently narrow models
toward specific benchmarks or domains, thereby weakening their ability to generalize to un-
seen tasks, adapt to diverse user instructions, and sustain robust performance in broader
contexts. Moreover, while these models can capture spatial relationships in static images,
they lack the ability to model temporal dependencies, making it difficult to understand and
reason about motion and dynamic interactions in videos.



1.2 Motivation and Solution

This dissertation address the foundamental challengs of building general-purpose multimodal
intellegence by proposing architecture and training paradim innovations. Unlike existing
works that develop specialize multimodal models target single-modality output or narrow
tasks. Our main goal is to develope unified and generalizable multimodal foundations models
that not only unify understanding and generation across multiple modalities, but generalize
robustly to diverse tasks and dynamic open-world scenarios.

Our approach encompasses four critical aspects: First, the model should be able to under-
stand and generate text and images in arbitrary sequence. Second, an efficient architecture
combines vision-language models for their strong reasoning and text modeling capability,
and diffusion models for their excel image synthesis capability. The unified architecture
should be highly efficient at both training and inference. Third, it can easily generalize to
unseen mutimodal tasks by fatihfully follow human instructions and generate output align
with human-preference. Fourth, it can generalize from reasoning over static images to videos
containing spatialtemporal information. Together, our aim to develop unified multimodal
foundation model that can handel various modalities and generalize to real-world tasks and
reasoning conditions.

This research direction represents a significant advance in the foundations of multimodal Al
Rather than relying on scaling model parameters alone, we investigate how multimodal sys-
tems can adapt their architectures, training paradigms, and temporal reasoning capabilities
to unify text, images, and video under a single framework. This paradigm shift has broad
implications for both methodology and application, enabling models that are more flexible,
human-aligned, and capable of operating effectively in complex, open-world environments.

1.3 Research Questions and Thesis Statement

The central research question in this dissertation is: How can we develop general-purpose
multimodal intelligence that unifies modalities and generalizes across open-world tasks, en-
abling robust understanding and scalable generation in both textual and visual domains? This
overarching question decomposes into four interconnected research questions that guide our
investigation:

o Interleaved Multimodal Unification: How can we enable multimodal models to
seamlessly integrate text and image modalities for interleaved understanding and gen-
eration?

The challenge is that existing pretrained multimodal models often apply identical ar-
chitectures to process heterogeneous modalities, and lack the ability to generate text
and images in arbitrary sequences. Addressing this requires (1) high-quality finetun-

3



ing data that contains both interleaved text and images as input and output; and (2)
mixture of expert designs that handles varities of inputs and outputs modelities.

Efficient Unified Architectures: How to design unified architectures that can
jointly leverage autoregressive and diffusion paradigms to achieve both efficient im-
age understanding and image generation?

Autoregressive models excel at sequential reasoning, while diffusion models generate
high-quality images. Yet unifying them remains an open challenge. This question
seeks to explore how these paradigms can be combined into efficient architectures that
deliver state-of-the-art multimodal performance.

Zero-Shot Multimodal Learning: How to improve zero-shot generalization, ro-
bustness, and human-preference alignment of pretrained multimodal models via post-
training innovation?

While instruction tuning has been applied in language models, its role in multimodal
models is less understood. This question investigates how multimodal instruction
tuning, scaled human-labeled tasks, and multi-stage post-training frameworks can help
models follow human instructions more faithfully and generalize to unseen tasks.

Spatiotemporal Reasoning: How can we generalize image-based multimodal models
to dynamic video sequences by incentivizing temporal awareness?

Static image models fail to capture temporal dependencies that are crucial for video
reasoning. This question examines reinforcement-style optimization strategies that
encourage models to develop temporal awareness, enabling reasoning and generation
in spatiotemporal domains.

Thesis Statement By developing interleaved generation, scalable autoregressive—diffusion
architectures, multimodal instruction-tuning paradigms, and reinforcement-based algorisms
for temporal reasoning, we can build unified multimodal foundation models that overcome
the limitations of current architectures and training paradigms. This integrated approach
advances both the unification of text and vision and the generalizability of models to diverse
open-world tasks, enabling robust understanding, reasoning, and generation across modali-

1.4 Contributions

This dissertation makes four major contributions that advance the development of unified
and generalizable multimodal foundation models:

4



« Modality-Specialized Synergizers for interleaved generation (Chapter 2). This
work studies interleaved generation. We construct LEArINsTRUCT, the first large-scale
post-training dataset for interleaved text—image generation, consisting of 184,982 high-
quality instances on more than 10 diverse domains. In addition, we introduce Modality-
Specialized Synergizers (MOSS), a novel design that augments pretrained multimodal
architectures with modality-aware adaptation layers. MOSS enables more effective
modeling of local image priors and sequential text while preserving strong cross-modal
integration.

o Efficient unified architectures bridging autoregression and diffusion paradigms
(Chapter 3). This work introduces LaTtE-Flow, a unified model that combines the
strengths of autoregressive and diffusion frameworks. LaTtE-Flow leverages diffusion
transformers for high-quality image generation and autoregressive vision-language mod-
els for multimodal understanding, coupled with layerwise timestep experts and residual
attention. This design achieves state-of-the-art performance across diverse multimodal
benchmarks.

e A novel multimodal instruction-tuning paradigm for zero-shot generaliza-
tion (Chapter 4 and Chapter 5). We establish instruction tuning as a core paradigm
for improving robustness and generalization in multimodal models. We introduce MuL-
TiINSTRUCT, the first multimodal instruction-tuning benchmark and Vision-FLAN, the
most diverse large-scale visual instruction-tuning dataset to date. We further pro-
pose a two-stage instruction-tuning framework. This paradigm significantly improves
zero-shot generalization and human instruction following.

e A reinforcement learning algorithm incentivizing spatiotemporal reasoning
(Chapter 6). To extend unified modeling beyond static images, we introduce a novel
reinforcement-learning algorithm that incentivizes temporal awareness in video rea-
soning tasks. This contribution provides one of the first systematic explorations of
reinforcement-style optimization for spatiotemporal multimodal reasoning, advancing
the frontier of general-purpose video—language intelligence.

1.5 Thesis Organization

The remainder of this dissertation is organized into four parts that systematically develop
Unified and Generalizable Multimodal Foundation Models:

o Part I: Introduction and Background

Following this introduction, Chapter I provides a comprehensive background on mul-
timodal foundation models, including architectures for text-image understanding and



generation, instruction tuning, and extensions to temporal reasoning. This chapter es-
tablishes the technical foundations and positions our contributions within the broader
landscape of multimodal AI research.

o Part II: Unified Multimodal Modeling

This part focuses on unifying architectures for interleaved text—image generation. Chap-
ter 2 introduces LEAFINSTRUCT, the first large-scale dataset for interleaved instruction
tuning, and MOSS, our modality-specialized synergizers that augment unified architec-
tures with modality-aware adaptation layers. Chapter 3 presents LaTtE-Flow, an effi-
cient unified architecture that bridges autoregressive and diffusion paradigms, achiev-
ing state-of-the-art performance across both understanding and generation tasks.

o Part III: Generalizable Multimodal Modeling

This part establishes instruction tuning and temporal reasoning as principled paradigms
for enhancing generalization and robustness. Chapter 4 introduces MuLTIINSTRUCT, the
first multimodal instruction-tuning benchmark, while Chapter 5 presents Vision-FLAN,
the most diverse large-scale visual instruction-tuning dataset to date. Together, these
works propose a two-stage instruction-tuning framework and provide empirical insights
into human-preference alignment and zero-shot generalization. Finally, Chapter 6 ex-
tends generalization from static images to dynamic video sequences, introducing a
reinforcement-learning algorithm that incentivizes temporal awareness for spatiotem-
poral reasoning.

Through this progression—from interleaved generation to scalable architectures, and from
instruction tuning to spatiotemporal reasoning—this dissertation demonstrates that advanc-
ing multimodal Al requires not only larger models but also principled designs that specialize
architectures, leverage high-quality instruction data, and incorporate temporal dependencies.
By addressing the dual challenges of unification and generalizability, we move toward uni-
versal multimodal foundation models capable of understanding, reasoning, and generating
across diverse modalities in open-world environments.
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Unified Multimodal Modeling



Chapter 2

Interleaved Multimodal Generation

2.1 Motivations

As established in Chapter 1, multimodal foundation models are increasingly expected to
support not only understanding but also generation across different modalities. A particu-
larly important frontier is interleaved multimodal generation, where models are required to
produce sequences that flexibly combine both text and images. Such capability unlocks a
wide range of applications, including visual storytelling, script generation, and multimodal
dialogue, which cannot be achieved by image understanding models [4, 93, 117] or image gen-
eration models alone [146, 149]. Recent works [75, 167, 171, 174] have emerged as promising
candidates for this task, but they still face fundamental challenges that hinder their effec-
tiveness.

One major challenge lies in architectural unification and post-training setup. Current pre-
trained multimodal models employ a single transformer backbone with a shared set of pa-
rameters to simultaneously model discrete text tokens and continuous image representa-
tions. While this design provides a unified interface, it disregards the inherent inductive
biases of the two modalities. Text follows a sequential, left-to-right order, whereas images
are two-dimensional, relying heavily on local spatial priors between adjacent patches. The
transformer architecture, although powerful for sequence modeling, is less effective than
convolutional operations in capturing local spatial dependencies [24, 239]. Consequently,
existing pretrained multimodal models often produce incoherent text and distorted images.
This fundamental mismatch between modality characteristics and architectural unification
results in degraded performance, particularly in tasks requiring precise visual fidelity and
consistent cross-modal alignment.

A second critical challenge is the lack of high quality post-training data. While many pre-
trained multimodal models are pretrained on large-scale multimodal corpora [246], their
post-training alignment is typically limited to single-modality tasks such as text generation
or image synthesis. As a result, these models frequently fail in interleaved scenarios. For
example, when instructed to complete a partially multimodal sequence, they may generate
repetitive or irrelevant text and produce images that fail to reflect the user’s intent, as shown
in Figure 4.2. This issue is exacerbated by the lack of large-scale, high-quality datasets ex-
plicitly designed for interleaved generation, making current approaches unscalable and less
flexible in real-world applications.



[ Inferior Text and Image Quality }

O ) Instruction: Describe the new features of the latest mountain bike.
Context: Last year’s top sales now has an aluminum model <IMG>.
The new Slash 9.9 bike has an upgraded drivetrain <IMG> ... <IMG>

Output: The Slash
=1 9.9 is available in
27.5-inch and 29-inch
wheel sizes. The Slash 9.9 P\
is available in 27.5-inch
and 29-inch wheel sizes
<IMG>.

[ Weak Instruction-Following Capability }

O ) Instruction: I need to clean cloudy glasses. Context: I have finished
these steps: Acquire a soft, clean cloth <IMG>. Use a cleaner <IMG>.
Clean with dish soap and warm water <IMG>. What should I do next?

2

Output: how to clean glasses with a
== cloth and a drop of dish soap <IMG>.

2
ey
¥. ol

Figure 2.1: Failure cases of existing pretrained multimodal models (Emu2 at the top and
GILL at the bottom). The output text with inferior quality is highlighted with underline.
The regions that impede output images’ quality are highlighted with red bounding boxes.

Taken together, these challenges underscore the need for a new framework in interleaved mul-
timodal generation. One that combines architectural specialization for each modality with
high-quality datasets that explicitly target interleaved tasks. Addressing these limitations
is crucial for building truly generalist models that can generate coherent, high-quality text
and images in arbitrary sequences, thereby extending the scope and utility of multimodal
AT systems in open-world applications.

2.2 Related Work

Interleaved Vision-Language Models There are two popular formulations for VLGs:
The first leverages VQGAN [35] to quantize an image into a long sequence of discrete tokens
and add the vocabulary in VQGAN’s codebook into the vocabulary of LLMs [1, 71, 174, 215,
221]. In this way, the LLMs are trained with a unified autoregressive objective to predict
image tokens or text tokens. The predicted image tokens are fed into a VQGAN decoder to
reconstruct images. The second formulation employs the CLIP image encoder to transform
images into sequences of continuous embeddings [75, 101, 167, 171, 173, 177, 198, 245],
which are then concatenated with text embeddings in their original order. Compared to the
first approach, this formulation often requires shorter sequences to represent an image and
generally yields superior performance. Our proposed method requires minimal assumptions
on VLG’s architectures and can be applied to many of the existing transformer-based VLGs.



Visual Instruction Tuning [205] propose Multilnstruct, the first human-label visual
instruction tuning dataset to improve the generalizability of VLMs. LLaVA [117] leverages
GPT-4 to convert image captions from existing annotations into three tasks, including visual
dialogues, visual question answering, and detail captions. Following studies either utilize
proprietary LLMs [20, 31, 86, 116, 126, 184, 217, 218, 234, 244] or human efforts [116, 203]
to augment visual instruction tuning tasks. Several studies target specific aspects of VLMs’
capability, such as domain and instruction bias [6, 112], object grounding [19], and OCR [64,
231]. Instruction tuning has also been widely applied to other vision-language tasks, such
as image editing [13] and interleaved text-image understanding [69]. [61] finetune a model
that can follow multimodal instructions to generate desired images. However, most existing
instruction-tuning datasets only consider the tasks where the outputs are in a single modality,
i.e., either text or image. To facilitate the training and enhance the instruction-following
capabilities for VLGs, we curated LEAFINSTRUCT, the first instruction-tuning dataset tailored
for interleaved text-image generation across diverse domains, where the inputs and outputs
can contain interleaved text and multiple images.

Parameter-Efficient Finetuning (PEFT) PEFT methods [24, 60, 68, 70, 73, 97, 105,
114, 118, 226, 239] aim to adapt pretrained large models to various downstream tasks and
have become prevalent in instruction tuning. Typically, these methods involve freezing the
pretrained large models while finetuning a minimal set of newly introduced parameters. Re-
cent studies [106, 156, 190, 225] propose to combine PEFT methods with Mixture-of-Experts
to mitigate task interference and enhance performance, particularly in visual instruction tun-
ing where models need to process inputs from two modalities. Our proposed MoSS is the first
PEFT method that utilizes two distinct LoRA architectures—Ilinear and convolutional—rfor
text and image generation within autoregressive VLGs.

2.3 MODALITY-SPECIALIZED SYNERGIZERS (MoSS)

2.3.1 Background: Autoregressive Vision-Language Generalists

Existing autoregressive pretrained multimodal models can be broadly classified into two
categories: those that represent each image as a sequence of discrete tokens [1, 174, 215],
and those that represent each image as a sequence of continuous vectors [167, 171]. How-
ever, despite these differences in image representation, their underlying model architectures
and formulations for vision-language generation remain largely similar. Thus, we do not
differentiate them in the following formulation.

Model Architecture Autoregressive pretrained multimodal models typically comprise
three components: an image encoder (e.g., CLIP [169] or VQ-VAE encoder [44]), a decoder-
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only large language model (LLM), and an image decoder (e.g., a diffusion model [141] or
VQ-VAE decoder [44]). Given a sequence of interleaved text segments and images, the image
encoder processes each image into a sequence of image tokens. These image tokens are then
concatenated with the text tokens in their original order and input into the LLM. The LLM
autoregressively predicts the next token, which could be either text or image. Finally, the
image decoder takes in the predicted image tokens and reconstructs the target image.

Training Objective The training objective of pretrained multimodal models can be loosely
defined in the following unified autoregressive manner.

D N
GZ le9<sn|317827"'78n—1) (21)

where 6 denotes the model parameters, N denotes the input sequence length, D denotes the
training dataset, and s; denotes a text token or an image-patch embedding. This unified
objective is optimized through two types of losses: (1) If the image is represented as discrete
tokens, the CrossEntropy loss is employed to minimize the divergence between the predicted
probability distribution of the image or text tokens and the ground truth distribution; (2)
If the image is encoded as continuous vectors, the mean-squared-error (MSE) loss is used to
minimize the difference between the predicted and actual image embeddings.

2.3.2 Linear Low-Rank Adaptation (LoRA)

LoRA [60] is a parameter-efficient finetuning method that freezes the pretrained model
parameters and injects low-rank decomposable matrices into the layers of transformers. For-
mally, given the weights in a linear layer W € Rdo“thi”, LoRA modifies the weights by
adding a decomposable weight matrix AW to W. Thus, for a vector h € Rdi", the modified

. . d d
linear transformation 7' : R;, —» R,,; becomes:

T(h) = h(W + AW)" = hW' + hAW' (2.2)

AW is decomposed into two low-rank matrices, i.e., LoORA A: W, € R™ %" and LoRA B:
Wpg € R%outx" satisfying the low-rank constraint r << min(d,y;, d;,). The final expression is

T(h) = hW' + ohW W}, (2.3)

where o € R is a hyper-parameter.

2.3.3 Convolutional Low-Rank Adaptation (Convolutional LoRA)

We propose Convolutional LoRA, a variant of LoRA specifically designed for modeling the
local structure of image hidden states during image generation, by improving the architecture
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Figure 2.2: An autoregressive VLG with our proposed MoSS added to its linear layers. The
linear LoRA on the left side is specialized to generate text tokens and the Convolutional
LoRA on the right side is specialized to generate image patches. On the right handside,
we show the details of convolutional operation applied to autoregressively generate image
tokens. Best viewed in color.

proposed in [239]. The previous approach first reduces the dimension of input features and
then performs the convolution operation within a lower-dimension space. Since dimension
reduction can cause information loss, the convolution within a reduced dimension can be
less effective at modeling the local priors of image patches. On the contrary, our method
performs convolution in the original input feature space and the dimension is deducted during
the convolution process, which alleviates the information loss issue in the previous design.

Specifically, our approach consists of a convolutional LoRA A layer, i.e., Convyy;, where the
kernel size is k X k, the number of input channels is ¢;,, and the number of output channels

is r, as well as a LoRA B: Wpg € R“*" Given the 2D feature I € R"*"W*“m of an image,
where H denotes the height, W denotes the width, and C},, denotes the number of channels
of I, the convolutional LoRA A projects down its number of channels to r and simultaneously
performs convolution operation. Then the LoRA B projects its number of channels up to
Cout- The equation 2.3 becomes:

T(I) = IW' + aConv,y, ()W (2.4)

where « is a hyper-parameter.
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2.3.4 Integrating MoSS into pretrained multimodal models

As shown in Figure 2.2, we propose to integrate two types of adaptations into pretrained
multimodal models, i.e., using Linear LoR A for text generation and Convolutional LoRA

for image generatlon Formally, let W e R dourxdin 156 the Weights of any linear layer in a

LLM, and let H = [h}, ..., bl g, oo, oo, B (rarys -, hiy] € RY 4 denotes the hidden
states of a sequence of mterleaved text and images, Where a subscript indicates position of
a hidden state and the superscript indicate if a hidden state is decoded into a text token
(t) or decoded into an image-patch embedding (1). We untie H into text hidden states
Ht = [h}, hs, oy .h', her HxW)41 - ., h'y] and image hidden states H' = [[hmH, s

thJr(wa)], [hy,, 1, ... hn+(HxW)] ..], where m + 1 and n + 1 denote the starting positions of
two subsequences of image hidden states. Each subsequence of a single image has a fixed
length of H x W and we reshape the hidden states of each image in H' into a 2D structure.
Hence, the dimension of H' becomes Bx HxW xC;,, where B denotes the number of
images in the sequence H. We feed H' into the Equation 2.3 to get H = T(H ) and H' into

Equation 2.4 to get H' = T(H").

It is non-trivial to integrate convolutional operation in auto-regressive model and to the best
of our knowledge, we are the first to incorporate the convolutional architecture to improve
interleaved generation. The right part of Figure 2.2 visualizes the convolutional operation
applied to a sequence of image patches. The squares on the left denote the reshaped 2-
dimensional input image patches and the larger blue squares denote the 2 X 2 convolution
kernels. The number on each square denotes the original positions of a patch in the image
sequence. For demonstration purposes, we draw image patches with H = 3 and W = 3.
Note that the current hidden state of an image patch can only depend on previous hidden
states since we use the autoregressive architecture. Thus, when applying the convolution
operation on an image patch, the kernel only covers neighboring patches on the top and left
sides of a patch. For example, the new hidden state of patch 9 is computed from patches:
5,6,8,and 9. To preserve the shape (H X W) of the input image patches, we pad the reshaped
image hidden states with zero vectors on the top and left sides, as shown by the grey squares
in Figure 2.2. Finally, we assemble H' and H' back to their original sequence to form H.

2.4 LEAFINSTRUCT

Existing interleaved vision-language models [34, 167, 171] predominantly follow the training
procedures that they are first pretrained on massive corpora of interleaved data such as
MMC4 [246] and other resources and then finetuned on a mix of high-quality datasets, such
as visual instruction tuning data in [117] and InstructPix2Pix [12]. However, one significant
limitation of these instruction-tuning datasets is that the outputs are typically in a single
modality, e.g., either text or image, which hinders the instruction-following capability of
pretrained multimodal models especially in generating interleaved text and images specified
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by the given instructions.

2.4.1 Dataset Construction and Statistics

To bridge the gap between limited existing resources and the practical need for improving
interleaved generation models, we curated LEAFINSTRUCT, the first comprehensive instruction
tuning dataset for interleaved text-and-image generation. Each instance in our dataset con-
sists of (1) a detailed instruction, (2) an input context with interleaved text and images, and
(3) a ground-truth output also with interleaved text and images. We show an example of
LeafInstruct in Figure 2.3, and compare it with other representative datasets in Table 2.1.

M4-Instruct LeafInstruct (Ours)
Instruction: Here are 5 images <IMG> <IMG> Instruction: Describe a travel log |
<IMG> <IMG> <IMG>, which image shows the during a hiking. Highlight the scene,  Qutput: The colors of nature are truly
following content: {caption of image 2} of plants, insect, and emphasize the stunning <IMG>. A wildflower or plant
" Siad beauty of nature. of some sort, possibly a native species,
@Kﬁﬁ 8 Input Context: That beauty of stands out in the landscape <IMG>.
I 5 nature in all its glory is captivating, There was a little ladybug in nature, its

______________________________________ with vibrant colors and delicate

red shell contrasting beautifully with the

Output: Image 2. forms <IMG>. An insect seems to surrounding foliage <IMG>.
be trying to eat the plant <IMG>.
InstructPix2Pix : A 7

Instruction: , i Output:
Swap sunflowers ﬁ d
with roses I
<IMG>. i

Figure 2.3: Comparison between existing benchmarks and our LearInsTRUCT. In existing
datasets such as InstructPix2Pix [12] and Mantis-Instruct [90], the outputs are in single
modality, either text or image. On the contrary, the inputs and outputs of our LEAFINSTRUCT
cover multiple modalities.

2.4.2 Dataset construction

We construct a diverse instruction-tuning data collection from large-scale web resources and
academic datasets, including MMDialog [39], VIST [65], WikiWeb2M [15] and YouCook2 [241].
Since the original data sources can be noisy, we meticulously devised an automatic data an-
notation pipeline to ensure the high quality of our curated data. We elaborate on the details
of our dataset construction pipeline as follows. Firstly, we filter the samples based on the
text length, number of images, and the coherence between text and images (measured by
CLIPScore [56]). We only keep the instances with 3 to 6 images in total. We also discard the
instances with more than 12 sentences to ensure a balanced ratio between the number of tex-
tual sentences and images. Secondly, we leverage a state-of-the-art open-sourced LLM (i.e.,
Llama-8B-Instruct) as a text filter to discard the instances with poor text quality. Thirdly,
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we remove the instances with duplicate or perceptually highly similar images to ensure the
diversity of the images. Finally, we also apply Llama3 to annotate the task instruction for
each instance based on the text content and rewrite the text if it’s too verbose to prevent
the context length from being too long.

Details of Text Quality Filter We use Llama-8B-Instruct model to rate the text quality
of an instance with the following prompt: “Imagine you are an expert data annotator. You
are given a text material and you need to evaluate its quality in terms of whether it is coherent,
fluent, easy to understand, and helpful to humans. Please be critical and rate the quality
as good only when the text quality is good in all four aspects. QOutput 1 if you think the
material is good after you consider all four aspects. Output 0 if you think the material is not
good enough. Here is the text material to be evaluated: {TEXT} Only output 0 or 1 and do
not output anything else. Your evaluation is:” We discard the instances if the output from
Llama is 0.

Details of Image Filter We empirically found that if the images are too identical in
the training instances, the trained models tend to find a shortcut to simply copy the image
during generation. To this end, we design a filter to discard the instances with duplicate
images to improve data quality. Specifically, we leverage the LPIPS score [230] that measures
the perceptual similarity between the images. Specifically, for each instance, we enumerate
each pair of images and compute their LPIPS score. If there is one pair with a score higher
than 0.6, we discard the instance. We determine the threshold of 0.6 by empirical trial.

Details of Instruction Annotation We
also adopt Llama-8B-Instruct to annotate Arch
the task instruction for each instance. We Business Nature
devise instructions to prompt the Llama3d & E-commerce _
model to rewrite the original text mate- Automorive
rial in the pretraining dataset MMC4 into ﬂ Food
& Cooking
” Travel
1 to encourage the diversity of instructions. Technology
We use the following prompt: “Imagine you
one sentence such that another person can re-
cover the given the material given the instruc-

instruction-tuning instances. The input con-

10.8%
are an expert instruction annotator. You are Fashion
tion. The instruction you predict should be

text length is 2048 and the output context

length is 1024. We set the temperature as

given a material. You need to read its con- Events

tent and output a brief task instruction with Figure 2.4: Domain distribution in LeafTn-
struct.
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specifically tailored for creative interleaved content generation that consists of both text and
images. Now you need to annotate a concise, accurate instruction for the following instance.
Please only predict the instruction and do not output anything else. Please design the in-
struction for the multi-modal generation task interleaved with both text and images. Text:
{TEXT} Instruction:”.

2.4.3 Dataset Statistics

After applying our rigorous data processing pipeline, we totally obtain 184,982 high-quality
instances out of more than 7 million source samples. Our dataset covers a wide range of
realistic instruction-tuning tasks, including multimodal document completion, multimodal
dialogue, visual storytelling, multimodal script generation, and knowledge-intensive gener-
ation. We show the domain distribution of LearInsTRUCT in Figure 2.4 and compare our
dataset with existing datasets in Table 2.1. These analyses effectively demonstrate the di-
versity and the novelty of our dataset.

Dataset Name ‘ Input Text ‘ Input Images ‘ Output Text ‘ Output Images ‘ Publicly Available
LLaVA [117] Yes Single Single No Yes
Multilnstruct [205] Yes Single Single No Yes
Vision-Flan [203] Yes Single Single No Yes
InstructPix2Pix [13] Yes Single No Single Yes
MagicBrush [229] Yes Single No Single Yes
SuTT [21] Yes Multiple No Single No
Instruct-Imagen [61] Yes Multiple No Single No
Mantis-Instruct [69] Yes Multiple Yes No Yes
LearInstruct (Ours) | Yes | Multiple | Yes | Multiple | Yes

Table 2.1: Comparison between our LEAFINSTRUCT and existing instruction tuning datasets.

2.4.4 Post-Training for Interleaved Generation

With our curated LEaFINsTRUCT, we enable large-scale interleaved instruction tuning so that
the model can learn how to follow human instructions to generate desired interleaved text
and images. To preserve the VLLG’s capability obtained from pre-training, we only fine-tuned
the modality-specialized adaptation layers, and the remaining parameters in the pretrained
multimodal models are kept frozen.

Specifically, as shown on the right side of Figure 2.3, given the task instruction and the
interleaved context as inputs, the model is trained to autoregressively generate interleaved
text tokens and images with two alternative generation modes for text and images, respec-
tively. We use a special token <IMG> to indicate where an image occurs in the interleaved
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sequence. The training process is as follows: (1) The model is set to the text generation
mode by default. During this mode, the hidden states of newly generated tokens are always
routed to linear LoRA, and only the parameters in the linear LoRA are optimized. (2) After
the <IMG> token is generated, the model switches to image generation mode. The VLG
takes in the updated context ended with <IMG> and is trained to generate a fixed-length
(H x W) sequence of image patch embeddings autoregressively. All the hidden states of
generated image embeddings are routed to Convolutional LoRA and only the parameters in
the Convolutional LoRA are fine-tuned. (3) When the generation of an image is finished,
the model is trained to predict an end-of-image token </IMG>, and the model will resume
the text generation mode. This process will be iterated until the training on a sequence is
finished.

Interleaved Inference The inference procedure of our framework is largely identical to
the instruction tuning, where two generation processes iterate alternatively. The only key
difference is that the fine-tuned pretrained multimodal models will automatically determine
when to generate a text segment or an image at their own discretion. The iterative generation
process terminates when the model produces the end-of-generation token </s> at the end of
a response. Note that although our inference process is designed for interleaved generation,
we can also handle the cases where the outputs only contain text or images, enabling a wide
range of applications.

2.5 Experiment Setup

Evaluation Benchmarks We evaluate the interleaved generation capability of our method
on InterleavedBench [119]. InterleavedBench is a comprehensive dataset specifically tailored
for interleaved evaluation. InterleavedBench covers a diverse array of tasks, where the eval-
uation data are either curated by the authors (e.g., document completion), or re-annotated
based on subsets of well-established academic evaluation benchmarks, including wvisual sto-
rytelling from VIST [65], activity generation from ActivityNet [77], script generation from
WikiHow [213], image editing from MagicBrush [229], and multi-concept image composition
from CustomDiffusion [81].

Evaluation Metrics We adopt InterleavedEval [119], a strong reference-free evaluation
metric to conduct a holistic assessment of the quality of interleaved generation. InterleavedE-
val prompts GPT-40 to score an interleaved output from five aspects, including Text Quality,
Perceptual Quality, Image Coherence, Text-Image Coherence (TIC), and Helpfulness. For
each aspect, the GPT-40 outputs a discrete score from {0, 1, 2, 3, 4, 5}, where 0 is the
worst and 5 is the best. We refer to the original paper [119] for a detailed definition of each
score and each evaluation aspect. We also have an additional evaluation on image editing
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on the full test set of MagicBrush using well-established metrics, including CLIPScore [56]
and DINO [16].

Implementation Details To demonstrate the generalizability of our method, we adopt

our MoSS to two representative autoregressive VLG backbones, i.e., Emu2 [167] and Chameleon [174],
and fine-tune them on our LeafrINsTRUcCT dataset. The rank number of all the LoRA is set

to 256 by default. Note that for the Chameleon model, we adopt the implementation in [26]

since the original model and checkpoints are not publicly available.

Baselines For fair comparisons, we primarily compare our methods with current state-of-
the-art open-source pretrained multimodal models, including GILL [75], MiniGPT-5 [238],
Pretrained Emu2, and Chameleon. We also report the performance of pipelines based on
proprietary models, including Gemini 1.5 [148]4+-SDXL [141] and GPT-40 [133]+DALLE
3 [11]. For these baselines, we first prompt the VLMs (e.g., GPT-40) to generate text along
with image captions, and then feed the image captions to a separate image generation model
(e.g., DALLE). We report these performances only for reference purposes.

2.6 Results and Discussions

2.6.1 Quantitative Results

Model ‘ Text Quality ‘ Perceptual Quality ‘ Image Coherence TIC ‘ Helpfulness
Proprietary Models

Open-Source Models

MiniGPT-5 1.31 3.44 2.06 2.66 1.76
GILL 1.44 4.02 2.12 2.69 1.53
Emu2 1.33 2.29 1.71 1.22 1.87
Chameleon 3.33 0.67 0.28 0.47 1.43
Emu2 + MoSS (Ours) 2.61 (+96.2%) 3.62 (+58.1%) 3.41 (+99.4%) | 3.54 (+190.2%) | 2.71 (+44.9%)
Chameleon + MoSS (Ours) | 2.98 (-10.5%) 2.25 (+235.8%) 1.05 (+275%) 1.7 (+261.7%) | 1.82 (+27.3%)

Table 2.2: Main results of interleaved generation on InterleavedBench. We show
the performance of pipelines based on proprietary models (Top), open-source pretrained
multimodal models (Middle), and the pretrained multimodal models trained with our MoSS
and LearINsTruct (Bottom), respectively. Note that the scale is from 0 to 5 (5 is the best).
We also report the percentage of improvement in our method over the original VLG backbone
in the parentheses. The best results are highlighted in bold.

Table 2.2 presents the main results of our method in comparison to the baselines. We have the

18



following findings. Firstly, our approach is highly effective and efficient when it is adapted to
existing pretrained multimodal models. Applying our MoSS to pretrained multimodal mod-
els achieved significant improvement over their original performance on all evaluation aspects.
For example, compared with the original Emu2 model, Emu2+MoSS achieved a performance
gain of up to 190.2% (on Text-Image Coherence) and 97.76% on the average of 5 aspects,
almost doubling the overall performance. Secondly, our method beats the previous open-
sourced state-of-the-art (i.e., GILL) by a large margin, i.e., 34.7% on the average of 5 aspects.
Particularly, the outputs of our method have better coherence across images (w/ 37.8% im-
provement in Image Coherence) and between text and images (w/ 31.6% improvement in
Text-Image Coherence). Our method also exhibits better instruction-following capability
and is able to generate more helpful content given the 11.5% improvement in Helpfulness.
Thirdly, it is worth noting that the Chameleon

baseline achieves good performance on Text cnerat .

: Generation Chameleon-MoSS
Quality but extremely poor performance on ’ i
. ) N MiniGPTS
image-related aspects. We observed that Subject dfiven " Multimodal Document

Chameleon usually generates long and compre- Geneyation
hensive text responses with no image output,
thus leading to poor performance on image-
related aspects. We hypothesize the reason lies
in the lack of instruction tuning on interleaved
generation with both text and images. From
Table 2.2, our approach improves the original
Chameleon by a significant margin, especially on S

image-related aspects. This shows that our inter-

leaved instruction tuning can effectively enhance Figure 2.5: Per-task performance av-

a VLG that was previously poor at mixed-modal eraged on 5 aspects on InterleavedBench.
generation. Fourthly, there remains a notable

gap between open-sourced pretrained multimodal models and the pipeline approaches based
on proprietary models, indicating building a powerful and general-purpose open-sourced
pretrained multimodal models is still challenging.

S\ Generation

|sua,Y'Story
Comipletion

Image Editing
\\ //

2.6.2 Per-task Performance

We also show the average performance on each task on InterleavedBench in Figure 2.5.
Specifically, our method (i.e., Emu2-MoSS) outperforms the baselines on most tasks, often
by a large margin. For subject-driven generation, the slightly lower performance of our
approach compared to other baselines is due to its poorer perceptual quality.

Multimodal Understanding and Text-to-Image Generation To show that our MoSS
framework can also excel on tasks requiring single modality outputs i.e., the output only con-
tains text or an image, we evaluate its performance on widely adopted image understanding
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benchmarks including MMBench, MME, MMMU, Pope, and MM-Vet, and text-to-image
generation benchmarks including MSCOCO 30K [108], and GenEval [47]. For MSCOCO-
30K, following the previous evaluation protocol [167], we randomly sample 30,000 captions
from the validation set of MSCOCO and generate 30,000 images. We report the FID between
the 30,000 generated images and real images from the validation set of MSCOCO (Note for
FID, the lower the better). For other benchmarks, we adopt their official implementation of
the evaluation.

Model | MMBench | MME | MMMU | Pope | MM-Vet | MSCOCO-30K FID () | GenEval
Chameleon 32.7 6045 | 38.8 | 598 | 97 26.7 39.0
Emu2+LoRA 54.1 11480 | 337 | 873 | 313 23.4 26.8
Emu2+MoE-LoRA 54.6 1170.3 | 34.1 | 8.1 | 319 22.7 28.1
Emu2+MoSS(Ours) | 56.0 | 1278.4| 358 |87.6| 34.1 | 18.2 | 289

Table 2.3: Results on widely adopted multimodal understanding and text-to-image genera-
tion benchmarks. Note that the FID metric on MSCOCO is the lower the better.

Since Leaflnstruct mainly targets tasks with interleaved outputs, we augmented it with
500,000 instances from Vision-Flan [203], a popular visual-instruction tuning dataset target-
ing image understanding, and 500,000 instances from LAION—COCOl, a standard training
dataset for text-to-image generation. We finetune Emu2 with LoRA, MoE-LoRA, and MoSS
on the mixed dataset. We report their performance in Table 2.3.

2.6.3 Qualitative Results

To better interpret the results, we conducted a qualitative analysis on several open-sourced
baselines and our MoSS in Figure 2.6. Our findings are as follows. Firstly, our method
demonstrates better helpfulness and instruction-following capabilities. For example, in the
first row in Figure 2.6, our method generates a more coherent visual story with more diverse
content given the input. In the third row, our approach provides a more natural and reason-
able next step for the user, i.e., have a good vegan lunch, while other baselines either jump
to dinner (MiniGPT-5) or stick to breakfast (Emu2). Secondly, we observed that poor
text quality is a common issue for many baselines. For instance, MiniGPT-5 often fails to
generate explanatory text while GILL usually generates a short caption, e.g., the gardens in
the first row and the tofu scramble in the third row, instead of generating useful content to
solve the task. Thirdly, neither GILL nor MiniGPT-5 can preserve the visual appearance
of the entities and scenes in the input images. Our approach, on the contrary, faithfully
retains most visual characteristics, leading to significantly better Image Coherence. Finally,
as shown in the fourth row in Figure 2.6, for tasks such as image editing or image composi-
tion, although MiniGPT-5 and GILL can sometimes generate images with better perceptual

"https://huggingface.co/datasets/laion /laion-coco
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Input MiniGPT-5 GILL Emu?2 Emu2+MoSS (Ours)

Output: I was so excited to ~ Output: I went to the

visit the country side for the  countryside and saw many
weekend <IMG>. I was so beautiful flowers <IMG>. I
excited to visit the country also saw many beautiful
side for the weekend. buildings <IMG>.

Instruction: Complete a
travel story. Context: I visited
the countryside for the
weekend <IMG>.

Output: the gardens
<IMG>

Output: <IMG>

Instruction: Describe a team’s

. S Output: The team’s rover Output: Describe a Output: 16 teams from 10
success in University Royer Output: <IMG> is an autonomous vehicle team’s success in countries competed in the
Challenge. Context: During put that can across the surface University Rover University Rover Challenge.
;?Zcz%air:fgéggz E(I:I\Z/[g}?m of the moon. <IMG> Challenge <IMG>. <IMG>

Instruction: Tell me what should  Qutput: After you
do next to plan vegan healthy eat breakfast make Output: Eat vegan cereal  Qutput: Have a
. : good vegan

meals. Context: I’ve done: I had sure to have Output: the tofu with a non-dairy milk for 1 for lunch <IMG>

. . scramble <IMG> . meal Tor func G>.
oatmeal with fruit <IMG> and a enough food for a quick breakfast <IMG>.
tofu scramble for breakfast in the dinner <IMG>.
morning <IMG>.

Instruction: Help me modify
this picture <IMG> and change Output: <IMG>
the bus into a train.

Output: a bus on the
road <IMG>

gl

Output: The train is on its
track <IMG>.

Figure 2.6: Qualitative results of MoSS based on Emu2 and open-source baselines. The
<IMG> tokens denote the images’ positions in the interleaved sequences.

quality, the image contents are often irrelevant to the task, ignoring input instructions and
context. In contrast, our method strives to adhere to instructions and can better condition
its generation on the provided image. Due to the complexity of the task, our model may
produce images with lower perceptual quality and noticeable distortions. However, when
taking Helpfulness into account, the images generated by our model can be considered as
the better ones compared with the baselines.
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Model ‘ Text Quality ‘ Image Quality ‘ Image Coherence ‘ TIC ‘ Helpfulness

Emu?2 1.33 2.29 1.711 1.22 1.87
+ LoRA 1.77 2.38 1.99 2.04 1.64
+ MoE-LoRA 1.98 3.28 2.66 2.62 2.01
+ MoSS (Ours) 2.61 3.62 3.41 3.54 2.71

Table 2.4: Comparison between MoSS and existing PEFT methods, i.e., traditional
linear LoRA, and Mixture-of-Expert (MoE) LoRA. Mixture-of-Expert LoRA uses two differ-
ent sets of linear LoRA for images and text, respectively. The rank number is set to 256 for
all methods in this table.

2.6.4 Comparison between MoSS and other PEFT Methods

To directly validate the performance improvement brought by our proposed MoSS, we
fine-tuned Emu2 using (1) traditional linear LoRA [60] and (2) Mixture-of-Expert (MoE)
LoRA [156], with the results presented in Table 2.4. In traditional linear LoRA, text and
images share the same low-rank adaptation parameters, while in MoE-LoRA, two different
sets of linear LoRA are used for images and text respectively. The routing strategy in MoE-
LoRA is based on the output modality of each hidden state, i.e., whether the hidden state
is used to generate text or image.

From Table 2.4, we effectively verify the benefits
of using separate parameters for image and text.

MoSS significantly outperforms the MoE-LoRA 3.0{ LOOR;L()RA /
across all aspects, especially the image-related as- T Moss |
pects such as Image Coherence and Text-Image %2.5 —_—
Coherence (TIC). The conclusions from the re- gz.o

<

sults are two-fold. First, it shows that introduc- / :\ /
ing modality-specialized architecture and param- 15¢ !
eters can effectively improve interleaved text-and-

. . . .. 1.0 °

image generation. Second, it verifies that convo- o =8 e

lutional LoRA can improve image generation by Rank
better modeling the local priors of images.

Figure 2.7: Performance averaged on 5 as-
pects with different rank numbers.

Effect of Rank Number To investigate how
the number of rank r can affect the performance,
we show the performance averaged on 5 aspects
on InterleavedBench with the rank number equals (32,64, 128, 256) comparing LoRA, MoE-
LoRA, and our MoSS in Figure 2.7. Our approach consistently outperforms LoRA and
MoE-LoRA across all rank numbers, and as the rank number increases, the gap between
MoSS and previous methods consistently grows larger. This proves the effectiveness and
generalizability of MoSS across different rank sizes. Based on this experiment, we set the
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rank number of our approach to 256 by default.

Quality Assessment of LearInstruct To verify our LEAFINsTRUCT dataset is of high
quality, we conduct a rigorous human evaluation using the multi-aspect evaluation criteria
in InterleavedEval [119]. Specifically, we use a scale of 0 to 3 in the evaluation, where 0 is the
lowest score while 3 is the highest. We randomly sampled 200 instances from LEAFINSTRUCT
and asked two human annotators with expertise in NLP and multimodal research to rate each
instance from 5 aspects. We report the averaged scores from two annotators in Table 2.5. We
show that the sampled instances consistently achieved almost full scores across all 5 aspects,
which effectively demonstrated that our curated dataset is of high quality.

‘ Text Quality ‘ Perceptual Quality ‘ Image Coherence ‘ TIC ‘ Helpfulness
Score | 2.89 | 2.96 | 2.77 | 287 271

Table 2.5: Human evalution of randomly sampled instances from Leaflnstruct. Note that
the scale is from 0 to 3 (Score 3 is the best), which is different from the scale used in
Table 2.2 and Table 2.4.

2.7 Summary

This chapter has presented MODALITY-SPECIALIZED SYNERGIZERS, a modality-specialized adap-
tation framework that advances the capabilities of pretrained multimodal models in inter-
leaved multimodal generation. We introduced MoSS, which dedicates convolutional LoRA
layers for modeling local image priors and linear LoRA layers for sequential text process-
ing, thereby addressing the fundamental discrepancy between visual and textual modalities.
In addition, we constructed LEArINsTRUCT, the first large-scale instruction-tuning dataset
explicitly designed for interleaved text-image generation, comprising 184,982 high-quality
instances across more than ten domains. Together, these contributions significantly improve
the coherence, fidelity, and instruction adherence of interleaved outputs, establishing new
state-of-the-art results among open-source pretrained multimodal models.

Our work provides two key insights. First, architectural unification alone is insufficient:
modality-specific inductive biases must be explicitly modeled for high-quality interleaved
generation. By assigning specialized adaptation layers to each modality, models achieve
stronger representations without sacrificing cross-modal integration. Second, instruction-
following ability is not automatically transferable from single-modality training to interleaved
tasks. Purpose-built datasets such as LEAFINsTRUCT are critical for aligning models with
human expectations in multimodal settings.

Despite these advances, several limitations remain. While modality-specialized adaptation
enables both image understanding and image generation, due to the architectural limita-
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tion of existing pretrained multimodel, MoSS still lags behind the specialized model for
understanding or generation. Accordingly, Chapter 3 turns to the next stage of this disser-
tation: the development of efficient unified architectures, culminating in the LaTtE-Flow
models. These models integrate autoregressive and diffusion approaches, coupled with layer-

wise timestep experts and residual attention, advancing unified multimodal understanding
and generation.
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Chapter 3

Efficient Unified Architectures

3.1 Motivation

The previous chapter addressed the fundamental challenge of modality unification. While
that work made notable progress on interleaved generation through the introduction of ex-
pert architectures and interleaved post-training datasets, its performance remained limited
by the capacity of the underlying pretrained backbone. As a result, these models still lag
behind specialized systems designed exclusively for image understanding or generation. In
this chapter, we propose a novel unified architecture that combines autoregressive models
with diffusion models, achieving superior performance that even surpasses specialized coun-
terparts.

Unified multimodal foundation models promise a single architecture capable of both image
understanding and image generation, thereby advancing general-purpose agents that can
reason about and produce multimodal content. However, despite the rapid progress of re-
cent quantization- and diffusion-based approaches, a persistent challenge remains: efficiency.
Models that achieve strong performance in one modality often incur trade-offs in the other,
and those that balance both typically require prohibitive computational costs. Diffusion-
or flow-matching-based frameworks, in particular, demand dozens of full forward passes
through large transformer backbones at inference, while autoregressive token-based models
suffer from long sequential decoding times for high-resolution images. These inefficiencies
severely constrain scalability and real-world deployment.

Motivated by these limitations, we revisit the architectural design space for unified multi-
modal modeling with a focus on efficiency—quality trade-offs. Our investigation centers on
two critical questions: How can we reduce the inference complexity of diffusion-based unified
models without degrading generative quality? Can we design lightweight mechanisms that
enhance the effective capacity of a small set of transformer layers, ensuring that compact
models still achieve competitive performance?

To address the first question, we introduce the Layerwise Timestep Expert architecture,
which distributes the flow-matching process across groups of transformer layers, eliminating
the need to repeatedly invoke the entire model at every timestep. To address the second, we
propose Timestep-Conditioned Residual Attention, enabling later layers to reuse and refine
attention maps from earlier layers, conditioned on the current timestep. Together, these in-
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Figure 3.1: Comparison of the flow-matching process between standard diffusion
/ flow-matching models and our proposed LaTtE-Flow. Unlike diffusion / flow-
matching based models, which invoke the entire model at each sampling timestep, LaTtE-
Flow activates only a subset of layers at each step, improving efficiency.

novations allow LaTtE-Flow to significantly reduce computational overhead while preserving,
and in some cases improving, multimodal generation and understanding performance.

3.2 Related Work

Unified Models. Unified multimodal architectures integrate multimodal understanding
and generation within a single model, enabling general-purpose agents that can interpret and
generate multimodal content in response to user instructions [22, 127, 159, 179, 189, 200, 240].
Existing approaches to unified modeling primarily fall into two categories: The first class of
models relies on vector-quantized autoencoders [36, 180, 219] to convert images into discrete
token sequences that can be processed similarly to text. These visual tokens are added to the
LLM vocabulary to enable unified autoregressive training over both language and vision [22,
168, 189, 197, 199, 200]. The second class incorporates continuous generative processes, most
notably diffusion models [57] or flow-matching models [109]. Some approaches connect LLMs
with external diffusion modules, using the language model to guide image generation [18, 46,
135, 179, 204], while others directly train LLMs to jointly perform denoising or flow-matching
steps [127, 159, 240]. Despite progress in both categories, many of these models suffer from

slow image generation speeds, limiting their practical deployment in real-time or resource-
constrained settings.

Multiple Experts in Diffusion Models. Recent advancements in diffusion models
have increasingly adopted modular or expert-based architectures for better image genera-
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tion [158, 166]. Building on this direction, several recent approaches have explored the use
of expert models tailored to different diffusion timesteps [37, 85, 248]. By allocating dis-
tinct experts to specific temporal intervals, these models aim to better capture the evolving
nature of the denoising process. This design is partly motivated by findings from prior
work [9, 55], which show that optimization gradients from different timesteps often conflict,
leading to slower convergence and degraded model performance. However, these models typ-
ically maintain a near full-parameter expert network for different timestep intervals, which
leads to little or no improvement in inference efficiency under a fixed number of sampling
steps. In contrast, we introduce a layerwise timestep expert architecture, which partitions
the transformer layers into different groups of layers, each responsible for a specific range of
timesteps. At inference time, only the corresponding group is activated, significantly reduc-
ing the number of parameters involved at each step. Moreover, our design allows all expert
groups to be trained jointly, and we further integrate it within a unified model architecture,
enhancing both efficiency and performance.

3.3 Preliminaries

Flow-Matching. Flow-based generative models [5, 109, 121] aim to learn a time-dependent
velocity field v; that transports samples from a simple source distribution py(x) (e.g., stan-

dard Gaussian) to a complex target distribution p;(a) via an ordinary differential equation
(ODE):

dx
d_tt = Ut(wt): Lo ~ Po(w)' (3-1)

Recently, [109] propose a simple simulation-free Conditional Flow Matching (CFM) objective
by defining a conditional probability path p,(x, | ®;) and the corresponding conditional
vector field u,(x, | ;) per sample x;. The model directly regresses the velocity v, on a
conditional vector field u, (- | x;):

2
Et,pl(ml),pt(mﬂml)”'Ut(mt,t) - ut(mt | m1)” ) (32)

where u;(+ | ;) uniquely determines a conditional probability path p;(- | ;) towards target
data sample x;. A widely adopted choice for the conditional probability path is linear
interpolation between the source and target data [121]: @; = ta; + (1 — t)xy. Assuming the
source distribution py is a standard Gaussian, this yields @, ~ N (txy, (1 — t)QI ). Sampling
from the learned model can be obtained by first sampling &5 ~ N(x | 0,1) and then
numerically solving the ODE in Eq. (3.1).
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3.4 LaTtE-Flow

We present LaTtE-Flow (Layerwise Timestep-Expert Flow-based Transformer), a novel ar-
chitecture designed for efficient and high-quality image generation and multimodal under-
standing, unified within a single model. Built on top of pretrained Vision-Language Models
(VLMs), LaTtE-Flow leverages their powerful understanding capabilities while introducing
additional flow-matching based generation components to enable scalable and effective image
synthesis. To unify generation and understanding effectively, we explore two architecture
designs: LaTtE-Flow Couple and LaTtE-Flow Blend, illustrated in Figure 3.2. These
variants differ primarily in how the generative and understanding components are combined
within the Transformer layers (Section 3.4.1).

Furthermore, we introduce two core architectural innovations applicable to both variants to
enhance image generation efficiency and quality: (1) Layerwise Timestep Experts (Sec-
tion 3.4.2), which partition the model into timestep-specialized modules to reduce sampling
complexity, and (2) Timestep-Conditioned Residual Attention (Section 3.4.3), which
injects timestep-aware residual attention into each attention layer through gating mecha-
nisms modulated by a learned timestep embedding, improving training efficiency through
effective information reuse across layers.

3.4.1 LaTtE-Flow Layer Design

LaTtE-Flow Couple preserves the pretrained VLM entirely, keeping its parameters frozen
(shown in purple in Figure 3.2) to retain strong multimodal understanding without finetun-
ing. To enable image generation, it introduces a trainable generative pathway alongside the
frozen backbone. Specifically, each Transformer layer is augmented with a trainable replica
of the original VLM layer, along with additional components for flow-matching-based gener-
ation (shown in blue in Figure 3.2). LaTtE-Flow Couple thus allows the model to perform
image synthesis while leveraging the robust understanding capabilities of the pretrained

VLM.

LaTtE-Flow Blend unifies the image generation and understanding components through
a partially shared transformer layer. Here, each layer consists of task-specific submodules
with separate parameters for generation and understanding, and a set of shared submodules
that are used by both tasks. This design enables tighter fusion between generation and
understanding signals, facilitating more effective information exchange while maintaining
flexibility to specialize for each modality.

As illustrated in Figure 3.2, both LaTtE-Flow variants introduce a LaTtE-Flow Attention
module to enable effective interaction between generative image latents and multimodal
context. This attention module employs a hybrid positional encoding scheme, combining
the original 3D Rotary Positional Embeddings (RoPE) [164], inherited from the pretrained
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Figure 3.2: LaTtE- overall architecture.

VLM, for encoding spatial and temporal structure in the multimodal context, with newly
introduced 2D positional encodings applied to the generative image tokens.

3.4.2 Layerwise Timestep Experts

Typical sampling procedures in diffusion models [57, 163] or flow-matching models [5, 109,
121] require repeatedly invoking the full network across a large number of timesteps, leading
to slow inference-time speed. For instance, consider a standard diffusion transformer (DiT')
model [137] with L transformer layers. The effective computational cost for 7' sampling
steps is O(L x T'), as shown in Figure 3.1 (a). To alleviate this inefficiency, we introduce
a novel Layerwise Timestep Expert architecture, which reduces the effective sampling time
complexity by distributing the flow-matching process across groups of transformer layers.

Specifically, instead of executing the entire model at every timestep, we partition the L
transformer layers into K non-overlapping groups, where each group specializes in denoising
samples within a specific timestep interval, as illustrated in Figure 3.1 (b). This design
effectively enables efficient sampling, as only a subset of the network needs to be executed
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at each timestep.

Let each expert group be denoted as Q,Q’HM ={l,l+1,...,l+ M}, consisting of M=L/K

consecutive layers (from layer [ to layer [ + M). During training, each layer group learns
to predict the velocity field over its assigned timestep interval [, %] using a layerwise
flow-matching loss. Specifically, each layer group Q,Q’HM receives the noisy latent image
x, € RY=>4 along with the multimodal context ml, derived from the preceding layer [ — 1,
and predicts the velocity field sy (x;, ml, t). Formally, for timestep t € [ty t;,1], the layerwise
flow-matching loss is defined as:

: ! 2
L, = ]Et,pl(a:l),pt(a:t|w1) k (mta m ?t) - ’u’t(wt | wl)” , forte [tk‘7tk+1]7 (33)

LI+M
g

where Q,Q’HM(‘) denotes the prediction produced by the expert group and u,(x, | x;) is the
ground-truth velocity at timestep t. By training each group exclusively on its respective
timestep interval, LaTtE-Flow encourages timestep specialization, allowing the model to
learn timestep-specific representations across the flow-matching process.

Inference. At inference time with 7" sampling steps, we begin by precomputing the multi-
modal hidden states required for conditioning at each transformer layer. These multimodal
representations are computed once at the start of inference and cached for reuse across all
timesteps. Then, for each timestep t € [tg,?r 1], only the associated expert layer group
g,i’”M is activated to perform a forward pass from layer [ to layer [ + M. This process is
repeated across all T' timesteps, with only M = L/K layers evaluated per step. Compared
to standard diffusion models or flow-matching models that execute all L layers at every step,
this design significantly reduces the inference-time complexity from O(L X T") to O(M xT").
This leads to a significant reduction in computational cost and latency during generation,
without sacrificing generation quality.

3.4.3 Timestep-Conditioned Residual Attention

To facilitate information reuse across transformer layers and improve both training efficiency
and generative performance, we propose Timestep-Conditioned Residual Attention, a novel
mechanism that introduces adaptive residual connections between successive image attention
layers based on the current timestep. The goal is to enable later layers to reuse and refine
the attention patterns computed in earlier layers, while dynamically controlling the influence
of past attention through the current flow-matching timestep.

Let A' € RV image self-attention matrix at layer [, where NN, is the number of image
tokens. In a standard self-attention layer, the attention matrix is computed as:

(AW ) (hW )"

A = Softmax(
Vd

) (3.4)
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where h € R"*? denotes the hidden states of the noisy image latents, and WQ, wh e R

are learnable query and key projection matrices.

To incorporate residual attention from the previous
layer, we define the augmented self-attention matrix .---------—:----—o- - N

at layer [ + 1 as: !
R (]
AT = AT g(t) © A g(t) = tanh(h,W,), -

WWwDDDDE

where h, € R? is the embedding of the current flow-
matching timestep ¢t and W, € R™ is a trainable ‘_._._.__.__‘-————. :
projection matrix, with d denoting the hidden dimen- I‘E‘_ye_rl_ __1 _______
sion and H the number of attention heads. The head- | hum hium  h

wise gating vector ¢g(t) € (—1,1)H, produced by a ! hdm D
tanh(+) activation, dynamically controls the extent to

it (J O

which each attention head incorporates residual atten- |

tion information from the previous layer. The opera-
tor ® denotes element-wise multiplication, broadcast
across all attention heads. Notably, while the LaTtk- «+ ~~ b——
Flow Attention module jointly processes both noisy Layer [

image states and multimodal hidden states, the resid-
ual attention mechanism is applied only to the self-
attention map over the noisy image hidden states, as
shown in Figure 3.3.

Figure 3.3: Timestep-conditioned
residual attention

The timestep-conditioned residual attention mecha-

nism enables the model to dynamically control how much residual attention from the previ-
ous layer is incorporated into the current layer, on a per-head basis and conditioned on the
timestep. Empirically, this design accelerates convergence during training and enhances the
quality of generated images.

3.5 Results and Discussion

3.5.1 Image Generation and Understanding Results

We evaluate LaTtE-Flow on both image generation (Table 3.1) and multimodal understand-
ing (Table 3.2) tasks. Table 3.1 reports quantitative comparison between LaTtE-Flow, recent
unified models, and leading image generation models. We evaluate each model in terms of
generation quality, activated parameters for each inference step, and inference efficiency. All
inference times are measured on a single NVIDIA L40 GPU with batch size 50. LaTtE-Flow
achieves better FID scores compared to state-of-the-art unified models [22, 197, 200] that are
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‘Model FID| ISt Pref Rec? #Params #Step Time (s / img) Rel. Time

o | ADM [33] 10.94 101.0 0.69 0.63 554M 250 9.677 168
S8 CDM [58] 488 158.7 - - ~ 8100 -
£ T| LDM-4-G [150] 3.60  247.7 - - 400M 250 -
= =| DiT-L/2 [137] 502 167.2 075 057 458M 250 1.786 31
T w DiT-XL/2 [137] 227 2782 0.83 0.57 675M 250 2.592 45
ST
% 2 | MaskGIT [17] 618 1821 0.80 0.51 297M 8 0.029 0.5
= = | MAGE [96] 6.93 19538 - - 230M - -
VQVAE—QJF [147) 31.11 ~45  0.36  0.57 13.5B 5120
mé VQGAN' [36] 18.65 804 078  0.26 227TM 256 1.094 19
< 3| VQGAN [36] 15.78 4.3 1.4B 256 1.382 24
Z| ViT-VQGAN [219] 417 1751 - - 1.7B 102 1.382 24
RQTran. [84] 7.55 134.0 - - 3.8B 68 1.210 21
Show-o [200] 31.26  98.7 0.55 0.69 1.3B 50 2.493 48
= | Janus Pro [22] 23.68 105.2 0.58 0.49 1.5B 576 0.311 6
&.Z | Vanilla Blend (Ours) 6.12  193.7 0.78  0.69 2.0B 40 0.185 4
SEO LaTtE-Flow Blend (Ours)  6.03 1939 077  0.68 500M 40 0.061 1
Vanilla Couple (Ours) 6.33 1924 080 0.67 2.0B 40 0.158 3
LaTtE-Flow Couple (Ours) 5.79  213.1 0.78  0.69 500M 40 0.052 1

Table 3.1: Comparison of generative models across FID, IS, Precision, Recall, param-
eters, steps, and inference time on ImageNet-50K. For LaTtE-Flow, we report the number
of parameters activated per timestep, given that it has a timestep-expert architecture where

only a subset of layers is used at each step. We also report inference time relative to LaTtE-
Flow Couple. 1: taken from MaskGIT [17]

Model MMBench SEED POPE MM-Vet MME-P MMMU RWQA TEXTVQA
EMU2 Chat 34B [168] - 62.8 - 48.5 - 34.1 - 66.6
Chameleon 7B [175] 19.8 27.2 19.4 8.3 202.7 22.4 39.0 0.0
Chameleon 34B [175] 32.7 - 59.8 9.7 604.5 38.8 39.2 0.0
Seed-X [46] 17B 70.1 66.5 84.2 43.0 1457.0 35.6 - -
VILA-U 7B [199] 66.6 57.1 85.8 33.5 1401.8 32.2 46.6 48.3
EMUS3 8B [189] 58.5 68.2 85.2 37.2 1243.8 31.6 57.4 64.7
MetaMorph 8B [179] 75.2 71.8 - - - 41.8 58.3 60.5
Show-o 1.3B [200] - - 80.0 - 1097.2 27.4 - -
Janus 1.5B [197] 69.4 63.7 87.0 34.3 1338.0 30.5 - -
Janus Pro 1.5B [22] 75.5 68.3 86.2 39.8 1444.0 36.3 - -
LaTtE-Flow Couple 2B 74.9 72.4 87.3 51.5 1501.4 41.1 60.7 79.7

Table 3.2: Results on comprehensive image understanding benchmarks. Best scores
are highlighted in bold. Since our LaTtE-Flow Couple is an expert architecture, we report
the number of activated parameters used for image understanding.

pretrained on the mixture of ImageNet and other large-scale image-caption datasets, while
achieving mush faster inference speed, i.e., 48X faster than Show-o [200] and 6X faster than
Janus Pro [22].
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Moreover, both LaTtE-Flow variants outperform
their respective baselines, Vanilla Blend and
Vanilla Couple, which are conceptually similar to
Transfusion [240] and LMFusion [159], with much
fewer activated parameters per flow-matching
step and 3 to 4X faster inference speed. In ad-
dition, LaTtE-Flow exhibits competitive perfor-
mance compared to diffusion models [33, 58, 137,
150], Masked Models [17, 96] and Auto-regressive
(AR) models [36, 84, 147, 219] that are specialized
for image generation, achieving better parameter
and inference-time efficiency. These results sug-
gest LaTtE-Flow as a promising, efficient, and ef-
fective architecture for image generation.

FID-50K

35 --¢- Vanilla Blend

—o— LaTtE-Flows Blend
Py Vanilla Couple
\ LaTtE-Flows Couple

Performance vs Training Steps

20 40 60 80 100 120 140 160
Training Steps (K)

Figure 3.4: Training dynamics of
LaTtE-Flow vs. baselines. FID on

ImageNet 50K.

Table 3.2 presents results on multimodal under-
standing benchmarks [41, 89, 102, 122, 161, 223,

224]. LaTtE-Flow Couple achieves competitive or superior performance compared to recent
unified models, demonstrating its ability to effectively leverage frozen vision-language back-
bones by inheriting their strong capability without additional finetuning for understanding

tasks.

3.5.2 Ablation Studies

Faster Convergence Rate of LaTtE-Flow. Fig-
ure 3.4 illustrates the training dynamics of LaTtE-
Flow Blend and LaTtE-Flow Couple compared to
Vanilla Blend and Vanilla Couple.

We observe that both LaTtE-Flow Blend and LaTtE-
Flow Couple exhibit a significantly faster convergence
rate during training, reaching competitive image gen-
eration performance (lower FID) in fewer training
steps. We attribute this favorable property of LaTtE-
Flow to the layerwise timestep-expert architecture.
As noted in prior work [9, 55], the slow convergence of
diffusion models is partially due to the conflicting op-
timization directions of different timesteps. Optimiz-
ing for timesteps that are close can benefit each other,
while optimizing timesteps that are far away can inter-
fere with each other. Our layerwise timestep-expert
architecture alleviates this challenge by distributing
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timesteps across different transformer layers.

Impact of Varying Group Size. We also investigate how the timestep-expert group size
M affects the trade-off between generation quality and inference efficiency. Specifically, we
train LaTtE-Flow Couple with group sizes M € {4,7, 14}, corresponding to partitioning the
transformer layers into 7, 4, and 2 expert groups, respectively. Figure 3.5 reports results
at 120K training steps. We observe that larger group sizes consistently improve generation
quality, as measured by FID, due to increased modeling capacity. However, this comes at
the cost of reduced inference speed, since more layers are executed per timestep. Both
M =7 and M =14 achieve better generation quality and efficiency compared to the baseline
Vanilla Couple (Vanilla), which applies all 28 layers at every step. Thus, considering the
trade-off between performance and efficiency, we select M =7 as the default group size in our
main results in Table 3.1, which offers strong generation quality with substantial sampling
speedups.

Effect of Timestep-Conditioned
Residual Attention. To quan- Model FID| ISt Prel Recl
tify the effect of timestep-conditioned

idual . LaTtE-Flow Couple 5.79 213.1 0.78  0.69
residual attention, we compare ~w/o Residual Attention 826  157.0 075  0.61
LaTtE-Flow Couple against a vari-

ant with the timestep-conditioned Table 3.3: Effect of time-conditioned residual at-
residual attention removed. As tention.

shown in Table 3.3, removing resid-

ual attention leads to a notable degradation across multiple metrics, highlighting the effec-
tiveness of time-conditioned attention across layers. Adding timestep-conditioned residual
attention does not introduce additional inference time cost.

Effect of Sampling Steps and CFG. Figure 3.6 shows the impact of varying the number
of sampling steps and classifier-free guidance scale (CFG) on image generation quality. We
observe that increasing the number of steps generally improves image generation quality,
leading to lower FID and higher Inception Score. However, as the number of sampling steps
surpasses 40, performance improvements become marginal. In general, higher CFG leads
to better Inception Score, but for FID, once the CFG goes beyond 5, performance starts to
decrease slightly.

Timestep Condition in Residual Attention. To better understand the role of timestep
conditioning in residual attention, we perform an in-depth analysis on both LaTtE-Flow
Couple and LaTtE-Flow Blend. Specifically, we first investigate how attention patterns
evolve across transformer layers and sampling timesteps in baseline models. We quantify the
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Figure 3.7: Timestep-conditioned residual attention analysis. (a) Visualization of
attention behavior in Vanilla Couple and (b) learned residual gating patterns in LaTtE-
Flow Couple.

sequential similarity between adjacent layers at each timestep using a total variation-based
metric:

S(Al, AlH) =1-05 Z |SoftmaX(Ai) - Softmax(AéH)L (3.6)

where SoftmaX(Aﬁ) is the softmax-normalized i-th row of attention map A'. Higher values
of S reflect greater similarity in image attention maps between successive layers.

Figure 3.7 (a) shows how sequential similarity in Vanilla Couple evolves throughout the sam-
pling process, averaged over 100 randomly selected samples. We observe that early in sam-
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pling, attention maps across layers show low similarity, but as generation progresses, espe-
cially in later timesteps, similarity increases, sometimes approaching 1.0 in early layers. This
motivates using residual attention for efficient reuse, with dynamic gating needed to adapt
to varying similarity patterns across timesteps. Figure 3.7 (b) shows timestep-conditioned
residual attention gates in LaTtE-Flow Couple, which modulate how much past-layer atten-
tion is reused. As seen across all heads (Figure 3.8), gating remains stable across timesteps
within a head but varies between heads, indicating specialization. These results highlight
the effectiveness of dynamic, head-specific residual attention in flow-matching generation.
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1 — 1 - — 1 1 —
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Figure 3.8: Timestep-conditioned residual attention gates across transformer layer
in LaTtE-Flow Couple. White regions indicate positions without gating values since
residual attention is applied only within predefined layer groups. Notably, different heads
exhibit distinct gating dynamics, with some emphasizing earlier timesteps, while others
modulate more strongly in later layers, suggesting head-specific specialization in residual
attention.

3.6 Summary

In this chapter, we presented LaTtE-Flow, a unified multimodal architecture designed to bal-
ance efficiency and performance in both image understanding and generation. Unlike prior
unified approaches that suffer from excessive inference costs or degraded quality, LaTtE-Flow
systematically rethinks the flow-matching process and layer utilization. Specifically, we intro-
duced two complementary innovations: the Layerwise Timestep Expert architecture, which
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partitions transformer layers into timestep-specific experts to drastically reduce sampling
complexity, and Timestep-Conditioned Residual Attention, a lightweight mechanism that
promotes information reuse and faster convergence. Together, these designs enable LaTtE-
Flow to achieve competitive accuracy while offering up to 6x faster inference compared to
recent, unified models.

Building on these architectural insights, LaTtE-Flow demonstrates that efficiency and high-
quality multimodal generation are not mutually exclusive. Our experiments confirm that the
proposed mechanisms preserve strong performance across both understanding and generation
benchmarks, while making unified modeling more computationally feasible for real-world de-
ployment. Beyond benchmark results, LaTtE-Flow also opens new directions for developing
practical vision-language agents, where fast, scalable multimodal reasoning and generation
are essential.

Overall, this work addresses a fundamental bottleneck in unified multimodal modeling: the
high computational overhead of existing designs. However, it does not fully address the issue
of generalizability, in particular, the ability to perform zero-shot transfer to unseen tasks by
following diverse human instructions. In the next chapter, we propose multimodal instruction
tuning, which establishes a post-training paradigm for enhancing zero-shot generalization
and robustness in real-world open-world settings.
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Chapter 4

Zero-Shot Multimodal Learning

4.1 Motivation

The previous chapter introduced BLIP3-o, which advanced the architectural design of uni-
fied multimodal models by combining autoregressive and diffusion paradigms. While this
framework significantly improved performance in both image understanding and generation,
it primarily addressed the question of how to architect a unified model. However, BLIP3-o
did not tackle an equally critical challenge: generalizability. In real-world applications, mul-
timodal foundation models must perform reliably across diverse, unseen tasks under varying
instructions and contexts. Without robust mechanisms to adapt to novel task specifications,
even the most powerful unified architectures risk overfitting to their training distributions
and failing in open-world environments.

In parallel, research in large-scale pretrained language models (PLMs) has demonstrated
the effectiveness of new learning paradigms aimed at improving task generalization [14, 120,
195, 202]. Among these, instruction tuning has proven particularly successful [195]. By fine-
tuning PLMs on tasks described through natural language instructions, models learn not
only the task itself but also the meta-skill of interpreting instructions, enabling strong zero-
shot performance on unseen tasks. This success raises an important question for multimodal
learning: can instruction tuning similarly enhance the generalizability of vision—language
models (VLMs) across multimodal tasks?

To answer this question, we propose MurLtiINsTRUCT, the first benchmark dataset for multi-
modal instruction tuning. MurtiINsTRUCT contains 187 diverse tasks spanning broad cate-
gories, including Visual Question Answering [48, 165], Commonsense Reasoning [201, 227,
and Visual Relationship Understanding [78]. Each task is accompanied by five expert-written
instructions, ensuring diversity in phrasing and style. All tasks are reformulated into a unified
sequence-to-sequence format, where input text, images, instructions, and bounding boxes are
represented in a shared token space, making instruction tuning feasible across modalities.

We adopt OFA[186] as the base multimodal pre-trained model, leveraging its unified sequence-
to-sequence architecture, and fine-tune it on MuLtiInsTRUCT. To further explore cross-domain
transfer, we incorporate Natural Instructions[131], a large-scale text-only instruction dataset,
via both mixed and sequential tuning strategies. Experimental results demonstrate that in-
struction tuning substantially enhances zero-shot generalization on unseen multimodal tasks
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and that transfer from text-only instruction data further improves performance.

Finally, motivated by the observation that PLMs are often sensitive to variations in instruc-
tion wording and length [115, 194], we introduce a new evaluation metric, Sensitivity, which
quantifies a model’s robustness to instruction variation. Our analysis shows that instruction
tuning not only improves zero-shot performance but also reduces sensitivity, particularly
when trained on diverse instructions or augmented with large-scale text-only datasets.

Together, these contributions establish multimodal instruction tuning as a principled paradigm
for improving the generalizability and robustness of unified multimodal models, complement-
ing the architectural advances from the previous chapter.

4.2 Related Work

Multimodal Pretraining Multimodal pretraining [4, 29, 91, 95, 160, 172, 186] has sig-
nificantly advanced the vision-language tasks. Several recent studies [29, 124, 186, 188] also
started to build a unified pre-training framework to handle a diverse set of cross-modal and
unimodal tasks. Among them, VL-T5 [29] tackles vision-and-language tasks with a uni-
fied text-generation objective conditioned on multimodal inputs, while OFA [186] further
extends it to image generation tasks by using a unified vocabulary for all text and visual
tokens. BEIT-3 [188] utilizes a novel shared Multiway Transformer network with a shared
self-attention module to align different modalities and provide deep fusion. Building on the
success of multimodal pretraining, our work focuses on improving the generalization and
zero-shot performance on various unseen multimodal tasks through instruction tuning.

Efficient Language Model Tuning To improve the generalizability and adaptivity of
large-scale pre-trained language models, various efficient language model tuning strategies
have been proposed recently. Prompt tuning [54, 98, 120, 151, 187] aims to learn a task-
specific prompt by reformulating the downstream tasks to the format that the model was
initially trained on and has shown competitive performance across various natural language
processing applications. As a special form of prompt tuning, in-context learning [130, 202]
takes one or a few examples as the prompt to demonstrate the task. Instruction tuning [195]
is another simple yet effective strategy to improve the generalizability of large language
models. NaturaL INsTrUcCTIONS [131] is a meta-dataset containing diverse tasks with human-
authored definitions, things to avoid, and demonstrations. It has shown effectiveness in
improving the generalizability of language models even when the size is relatively small (e.g.,
BART_base) [131, 193]. InstructDial [53] applies instruction tuning to the dialogue domain
and shows significant zero-shot performance on unseen dialogue tasks. While these studies
have been successful in text-only domains, it has not yet been extensively explored for vision
or multimodal tasks.
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4.3 MuLtiINSTRUCT

4.3.1

Multimodal Task and Data Collection

The MucriInsTRUCT dataset is designed to cover a wide range of multimodal tasks that re-
quire reasoning among regions, images, and text. These tasks are meant to teach machine
learning models to perform various tasks such as object recognition, visual relationship under-
standing, text-image grounding, and so on by following instructions so that they can perform
zero-shot prediction on unseen tasks. To build MurrilNsTrRUCT, We first collect 34 tasks from
the existing studies in visual and multimodal learning, covering Visual Question Answer-
ing [48, 66, 78, 129, 162, 247], Commonsense Reasoning [110, 165, 201, 227], Region Under-
standing [78], Image Understanding [28, 72], Grounded Generation [78, 108, 220], Image-Text
Matching [48, 108], Grounded Matching [78, 181, 220], Visual Relationship [78, 139], Tempo-
ral Ordering tasks that are created from WikiHovvl7 and Miscellaneous [3, 32, 74, 108, 181,
214]. Each of the 34 tasks can be found with one or multiple open-source datasets, which
are incorporated into MULTIINSTRUCT.
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Figure 4.1: Task Groups Included in MucLrilnsTrRUuCT. The yellow boxes represent tasks
used for evaluation, while the white boxes indicate tasks used for training.

For each of these tasks, we further examine the possibility of deriving new tasks based on the
input and output of the original task to augment the task repository. For example, Visual
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Grounding requires the model to generate a caption for a given region in the image. We
derive two additional tasks from it: Grounded Caption Selection, which is a simpler task that
requires the model to select the corresponding caption from multiple candidates for the given
region, and Visual Grounding Selection, which requires the model to select the corresponding
region from the provided candidate regions based on a given caption. Compared with Visual
Grounding, these two new tasks require different skills based on distinct input and output
information. In this way, we further derived 28 new tasks from the 34 existing tasks. We
divide all 62 tasks into 10 broad categories as shown in Figure 4.1.

For the existing tasks, we use their available open-source datasets to create instances (i.e.,
input and output pairs) while for each new task, we create its instances by extracting the
necessary information from instances of existing tasks or reformulating them. Each new task
is created with 5,000 to 5M instances. We split the 62 tasks into training and evaluation
based on the following criteria: (1) we take the tasks that are similar to the pre-training
tasks of OFA [186] for training; and (2) we select the challenging multimodal tasks that do
not overlap with the training tasks for evaluation.

4.3.2 Task Instruction Creation

Grounded Caption

Input:

Generate a caption for
<bin_198> <bin_32>
<bin_400> <bin_193>.

E

Text Localization

Input:

Select the region that

contains the text “den”.

Options:

<bin_206> <bin 119>
<bin_448> <bin_181>

[ll<bin_357> <bin_518>

<bin_456> <bin_574>

Referring Expression Selection

Input:

Select the region of the object
described by “A blue train in
the front.”.

Options: <bin_242>
<bin_180> <bin_736>
<bin_475> |||| <bin_88>
<bin_291> <bin_203>

Question-Image Matching

Input:
Given the content of image,
do you have enough
information to answer “Is it a
sunny day?”?

Options: “the question is
relevant to
the image” or

[[l|<bin_229>. . <bin_473>]||| <bin_193> "the question
<bin_604> <bin_339> is irrelevant
<bin_304> <bin_247> to the image"
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i Al s G s <b}n7229> <b¥n7604> <b}n7242> <b}n7180> Fhe question is irrelevant to the
<bin_304> <bin_654> <bin_736> <bin_475> image

Figure 4.2: Example Instances from MucrilnstrucT for Four Tasks.

We first provide a definition for “instruction” used in MucrriNsTRUCT. An instruction is
defined with a template that describes how the task should be performed and contains an ar-
bitrary number of placeholders, including <TEXT>, <REGION> and <OPTION>, for the
input information from the original task. For example, in the instruction of the Grounded
Captioning task, “Generate a caption for <REGION>" <REGION> is the placeholder for
region-specific information. Note that the placeholder <OPTION> is only used in classifi-
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cation tasks and for some tasks, the input may also include an image that is not included in
the instruction and will be fed as a separate input to the model. Figure 4.2 provides several
instruction examples for the tasks included in MuLTIINSTRUCT.

To produce high-quality instructions that accurately convey the intended tasks, we employ
an iterative annotation process involving two expert annotators who have a thorough under-
standing of the task and the dataset.

Step 1: each annotator first writes 2-3 instructions for each task by giving them the specific
goals of this task, the format of input data, and 10 example instances randomly sampled from
the dataset. The information about the dataset is obtained from the dataset’s README
file or the publication that introduced the dataset. For newly derived tasks, we provide
annotators with task descriptions along with 10 constructed example instances.

Step 2: to guarantee the quality of the instructions and that they effectively convey the in-
tended tasks, we have each annotator review the instructions created by their peers, checking
if they can clearly understand and identify the intended task by just reading the instruction.
If any issues are identified, the reviewing annotator provides suggestions and works with the
original annotator to revise the instructions.

Step 3: to ensure the consistency and avoid conflicts or repetition among instructions
from different annotators, we have both annotators review the sets of instructions together,
identifying any discrepancies or inconsistencies. If any are found, the annotators collaborate
to resolve them and create a final set of instructions that accurately and clearly describe the
task. In this way, each task will be created with 5 high-quality instructions.

Step 4: we repeat steps 1-3 to create 5 instructions for each of the training and evaluation
tasks. Finally, both annotators review each task and its instructions and filter out the task
that is not representative or overlaps with other tasks.

4.3.3 Multimodal Instruction Formatting

To unify the processing of various input/output data types, we follow the method from
OFA [186], which involves representing images, text, and bounding box coordinates as tokens
in a unified vocabulary. Specifically, we apply byte-pair encoding (BPE) [154] to encode
the text input. For the target image, we apply VQ-GAN [36] to generate discrete image
tokens through image quantization. To represent regions or bounding boxes of an image, we
discretize the four corner coordinates into location tokens such as "<bin_ 242> <bin_ 180>
<bin_ 736> <bin_ 475>" where each location token "<bin NUM>" represents a quantized
coordinate obtained by dividing the image into 1,000 bins. This approach allows us to convert
different types of input into a unified vocabulary.

All tasks in MuLriInsTRUCT can then be formulated as natural language sequence-to-sequence
generation problems; where the input includes: (1) an image (if there is no input image, a
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black picture is used as the input); and (2) an instruction where the placeholders such as
<TEXT>, <REGION> or <OPTION> are filled with specific information of each input in-
stance. Notably, for the <OPTION> of the instructions for classification tasks, we introduce
two special tokens for this field: “[Options|” to mark the beginning of the option field and
“III]” to delimit the given options. We concatenate all the options with “||||” in the option
field and the model will directly generate one option from them. Figure 4.2 provides several
examples of the formulated input and illustrates how the original data input is combined
with the instruction in the MuLTtiINSTRUCT.

4.4 Problem Setup and Models

4.4.1 Problem Setup

We follow the same instruction tuning setting as the previous study [195] and mainly evaluate
the zero-shot learning capabilities of the fine-tuned large language models. Specifically,
given a pre-trained multimodal language model M, we aim to finetune it on a collection
of instruction tasks T. Each task t € T is associated with a number of training instances
D' = {(It,x;, y;/) €' x X'x yt};\f:l, where x§ denotes the input text, image, region, and
options if provided, y]t denotes the output of each instance, and [ ! represents the set of five
task instructions written by experts. The input information from a:§ will be used to fill in
the placeholders in the instruction.

We use OFA [186] as the pre-trained multimodal model due to its unified architecture and
flexible input-output modalities. We finetune it on our MurtilNsTRUCT dataset to demon-
strate the effectiveness of instruction tuning. Specifically, we use the transformer-based
encoder of OFA to encode the instruction along with all necessary information and an op-
tional image, and predict the output with the transformer-based decoder. Given that the
training dataset contains many tasks, we mix all the training instances from these tasks and
randomly shuffle them. For each instance, we also randomly sample an instruction template
for each batch-based training. Note that, though some of the training tasks in MuLtiIN-
STRUCT are similar to the pre-training tasks of OFAQ, we ensure that the evaluation tasks
in MuctiInsTRUCT do not overlap with either the pre-training tasks in OFA nor the training
tasks in MULTIINSTRUCT.

4.4.2 Transfer Learning from NATURAL INSTRUCTIONS

We notice that the scale of NaTUrRAL INsTRUCTIONS [131] is significantly larger than Murti-
InsTrUCT, indicating the potential of transferring the instruction learning capability from

*Table ?? in Appendix lists the multimodal tasks and dataset used in OFA pre-training.
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the larger set of natural language tasks to multimodal tasks. We take 832 English tasks in
NaTURrRAL INsTRUCTIONS and explore several simple transfer-learning strategies:

Mixed Instruction Tuning (OFAjpficedInstruct) We combine the instances of NATURAL
InstrUCTIONS and MutriInsTrucT and randomly shuffle them before finetuning OFA with
instructions. Note that, each task in NATURAL INSTRUCTIONS is just associated with one
instruction while for each instance from MurriInsTRUCT, we always randomly sample one
instruction from the five instructions for each instance of training.

Sequential Instruction Tuning (OFAgeqnstruct) Inspired by the Pre-Finetuning ap-
proach discussed in Armen2021prefinetuning, we propose a two-stage sequential instruction
tuning strategy where we first fine-tune OFA on the NaTuraL INsTRUCTIONS dataset to en-
courage the model to follow instructions to perform language-only tasks, and then further
fine-tune it on MurtiINsTRUCT to adapt the instruction learning capability to multimodal
tasks. To maximize the effectiveness of the NATURAL INsTRUCTIONS dataset, we use all in-
stances in English-language tasks to tune the model in the first training stage.

4.5 Experimental Setup

Evaluation Metrics We report the accuracy for classification tasks and ROUGE-L [107]
for all generation tasks. For the region classification task, we compute the Intersection over
Union (IoU) between the generated region and all regions in the options, select the option
with the highest IoU as the prediction, and compute accuracy based on this prediction. If
the predicted region has no intersection with any of the regions in the options, we treat this
prediction as incorrect. For classification tasks where the answer is not a single-word binary
classification, we also report ROUGE-L scores following [131], which treats all tasks as text
generation problems. For each task, we conduct five experiments by evaluating the model
using one of the five instructions in each experiment. We report the mean and maximum
performance and the standard deviation of the performance across all five experiments. We
also compute the aggregated performance for each model based on the mean of the model’s
performance on all multimodal and NLP unseen tasks. We use Rouge-L as the evaluation
metric for most tasks and accuracy for tasks that only have accuracy as a metric.

In addition, as instruction tuning mainly relies on the instructions to guide the model to
perform prediction on various unseen multimodal tasks, we further propose to evaluate how
sensitive the model is to the variety of human-written instructions in the same task, which
has not been discussed in previous instruction tuning studies but is necessary to understand
the effectiveness of instruction tuning. We thus further design a new metric as follows:

Sensitivity refers to the model’s capability of consistently producing the same results, re-
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gardless of slight variations in the wording of instructions, as long as the intended task
remains the same. Specifically, for each task ¢ € T, given its associated instances with task

instructions: D' = {(1 t x?, yj) eT" x X' x yt}jil, we formally define sensitivity as:

Oiert [E(x,y)EDt [E(f6’<z7 IL‘), y)]]
Hiert [E(ac,y)e’Dt [E(f@ (Za l‘)7 y)“
where £ denotes the evaluation metric such as accuracy or ROUGE-L, fy(-) represents the

multimodal instruction-tuned model. The standard deviation and mean of the model’s per-
formance across all instructions are denoted by o;crt[:] and pert[-], respectively.

Erer ]

Evaluation datasets We evaluate the models on nine unseen multimodal tasks: Text
VQA [162], Grounded VQA [247], Commonsense VQA [227], Visual Entailment [201], Vi-
sual Spatial Reasoning [110], Natural Language for Visual Reasoning (NLVR) [165], Visual
Text Extraction [74], Visual Dialogue [32], and Disaster Type Classification [3]. These tasks
belong to three task groups: Commonsense Reasoning, VQA, and Miscellaneous as shown
in Figure 4.1. Tasks in the Commonsense Reasoning group have no overlap with any train-
ing task groups. Tasks in Miscellaneous do not share similarities with other tasks in the
group. Although Text VQA and Grounded VQA belong to the VQA task group, they re-
quire additional skills such as extracting text from images or generating regions, making them
fundamentally different from other tasks in VQA. In addition to multimodal tasks, we also
evaluate the model on 20 NLP tasks collected from the test split of NATURAL INSTRUCTIONS.

Approaches for Comparison We denote the OFA finetuned on MuLTIINSTRUCT as
OFA \tuttitnstruct; @and compare it with the original pre-trained OFAS, OFA 1.skName Which
is fine-tuned on MuLtiINsTRUCT but uses the task name instead of instruction to guide the
model to make predictions, and several approaches that leverage the large-scale NATURAL
InsTrUcCTIONS dataset, including OFA Naturalinstruct Which only fine-tunes OFA on NATURAL
INsTruCTIONS With instruction tuning, OFApjixedinstruct a0d OFAgeqinstruct that are speci-
fied in Section 4.4.2.

4.6 Results and Discussion

4.6.1 Effectiveness of Instruction Tuning on MuLriINSTRUCT

We evaluate the zero-shot performance of various approaches on all the unseen evaluation
tasks, as shown in Table 4.1 and 4.2. Our results indicate that OFAyuitimstruct Significantly
improves the model’s zero-short performance over the original pre-trained OFA model across

https: / /ofa-beijing.oss-cn-beijing.aliyuncs.com /checkpoints /ofa_ large.pt
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Commonsense VQA Visual Entailment Visual Spatial Reasoning NLVR

Model RougeL ACC ACC ACC ACC

Max Avg £ Std Max Avg + Std Max Avg+ Std Max Avg+ Std Max Avg+ Std
OFA 17.93 1497 + 430 0.73 0.40 +£0.29 49.99 41.86 + 10.99 54.99 35.29 + 22.21 56.06  52.10 + 3.35
OFA T, 5Name 48.99 - 29.01 - 55.70 - 53.76 - 55.35 -
OFA\uigimstruct~ 92.01 50.60 £ 1.12  33.01  31.17 £ 1.59 55.96 55.06 +0.76 55.81 53.90 +£1.38 56.97  56.18 + 0.95
Transfer Learning from NATURAL INSTRUCTIONS
OFANaturalinstruet 27.15 1499 £ 9.12 735 2.04 + 3.01 33.28 14.86 + 16.68 51.44 36.44 + 20.72 56.06 35.98 + 21.64
OFA\jixedinstrues~ 90.40  49.34 £ 1.04  31.31  30.27 £ 0.94 54.63  53.74 + 0.97 55.13 52.61 + 1.64 56.67  55.96 + 0.48
OFAgeqinstruct 50.93 50.07 £ 1.07 32.28 31.23 £ 1.09 53.66 52.98 + 0.56 54.86 53.11 + 1.45 57.58 56.63 + 0.66

Table 4.1: Zero-shot Performance on Multimodal Commonsense Reasoning. The
best performance is in bold.

Text VQA Grounded VQA Visual Text Extraction Visual Dialogue Disaster Type Classification

Model RougeLl Acc RougeLl RougeLl ACC

Max Avg+ Std Max Avg+ Std Max Avg+ Std Max Avg + Std Max Avg + Std
OFA 1521 9.30 + 5.42 0.02 0.00 £ 0.01 36.31 17.62 £ 16.82 4546  28.71 £ 9.81 14.30 9.64 + 4.34
OFA TgkName 23.80 - 0.00 - 36.30 - 25.18 - 62.65 -
OFAputtimstruet 2722 26.46 + 0.83 64.32  47.22 + 23.08 74.35 62.43 +11.56 46.38 3291 +7.59 64.88 56.00 £12.96
Transfer Learning from NATURAL INSTRUCTIONS
OFANaturalinstruct.~ 9-99  5.40 £ 0.24 0.00 0.00 £ 0.00 5.65 1.24 +2.48 30.94 2791 + 2.16 56.64 38.21 + 15.35
OFAptixedmnstruet 2415 23.67 £ 0.47 63.79 54.99 £ 18.16 62.43 46.56 + 14.92 46.08 38.02 £ 5.25 68.31 64.31 + 2.39
OFAgeqmmstruct 27.03 26.67 £ 0.47 64.19  54.46 + 15.96 71.63 60.62 + 12.31 46.17  35.10 £ 6.92 64.46 57.89 £ 9.51

Table 4.2: Zero-shot Performance on Question Answering and Miscellaneous. The
best performance is in bold.

all unseen tasks and metrics, demonstrating the effectiveness of multimodal instruction tun-
ing on MurriInsTRUCT. As seen in Table 4.2, OFA achieves extremely low (nearly zero)
zero-shot performance on the Grounded VQA task, which requires the model to generate
region-specific tokens in order to answer the question. By examining the generated results,
we find that OFA, without instruction tuning, failed to follow the instruction and produce re-
sults that contain region tokens. However, by fine-tuning OFA on MutrilNsTRUCT, the model
is able to better interpret and follow the instructions to properly generate the expected out-
put. Additionally, OFA uimstruct Outperforms OFA 1, gname On all unseen tasks, particularly
on the Grounded VQA task, where OFAr,aname achieves nearly zero performance. This
suggests that the performance gain of OFAy\utimstruct Mainly comes from instructions rather
than multi-task training.

4.6.2 Impact of Transfer Learning from NATURAL INSTRUCTIONS

One key question in multimodal instruction tuning is how to effectively leverage the large-
scale text-only NATURAL INsTRUCTIONS dataset to enhance the zero-shot performance on mul-
timodal tasks. We observe that only fine-tuning OFA on NATURAL INsTRUCTIONS actually
degrades the model’s zero-shot performance on almost all multimodal tasks, as shown by
comparing OFAyNatualmstruct @nd OFA in Table 4.1 and 4.2. One potential reason for this
decline in performance is that during fine-tuning on the text-only dataset, the model learns
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to focus more on text tokens and attend less to image tokens. To verify this assumption, we
compare the attention of text tokens on image tokens between OFAniuramnstruce @nd other
methods and observe that text tokens attend much less to image tokens after fine-tuning on
the NATURAL INsTRUCTIONS dataset.

Another observation is that although our transfer learning methods do not lead to significant
performance gains over OFAjicedmstructs POth OFAgcqmstruct and OFA ixedmstruct achieve lower
standard deviation on 6 out of 9 unseen multimodal tasks compared with OFAjutimnstruct
demonstrating the potential benefits of the much larger text-only instruction datasets to
multimodal instruction tuning.
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Figure 4.3: Model Performance as the Number of Multimodal Instruction Task
Clusters Increases. The number in the parenthesis of each cluster denotes the number of
tasks.

4.6.3 Impact of Increasing Multimodal Instruction Task Clusters

To evaluate the impact of the number of tasks clusters for instruction tuning, we start
with the task groups shown in Figure 4.1 and group them into five larger clusters: (1)
Img Und (VQA + Image Understanding), (2) Grounding (Grounded Matching + Grounded
Generation), (3) MISC, ITM (Temporal Ordering + Miscellaneous + Image Text Matching),
(4) Relation (Visual Relationship), (5) Region (Region Understanding), together with (6)
NLP, a collection of NLP tasks from NaTuraL INsTrRUcTIONS. We measure the change in
both the aggregated performance and sensitivity of OFAyfixedinstruct @8 We gradually add the
task clusters for training.

As we increase the number of task clusters, we observe an improvement in both the mean
and maximum aggregated performance and a decrease in sensitivity, as shown in Figure 4.3.
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Note that low sensitivity indicates that the model can produce consistent results despite
variations in the wording of instructions. These results suggest that increasing the number of
task clusters improves the model’s performance on unseen tasks and leads to more consistent
outputs. The results also support the effectiveness of our proposed MuLtiINsSTRUCT dataset.

# of Instructions ‘ Aggregated Performance 1 ‘ Sensitivity |

1 Instruction 42.81 24.62
5 Instructions 47.82 10.45

Table 4.3: Effect of Different Number of Instructions. Performance of OFA )\ uititnstruct
finetuned on different numbers of instructions.

4.6.4 Effect of Diverse Instructions on Instruction Tuning

We hypothesize that using a diverse set of instructions for each task during multimodal in-
struction tuning can improve the model’s zero-shot performance on unseen tasks and reduce
its sensitivity to variation in the instructions. To test this hypothesis, we train an OFA
model on MurtiInsTRUCT With a single fixed instruction template per task and compare its
performance with OFA finetuned on 5 different instructions. As shown in Table 4.3, OFA
finetuned on 5 instructions achieves much higher aggregated performance on all evaluation
tasks and shows lower sensitivity. These results demonstrate the effectiveness of increas-
ing the diversity of instructions and suggest that future work could explore crowd-sourcing
or automatic generation strategies to create even more diverse instructions for instruction
tuning.

4.6.5 Effect of Fine-tuning Strategies on Model Sensitivity

In Section 4.6.3 and 4.6.4, we have shown that the more tasks and instructions used for
instruction tuning, the lower sensitivity the model will achieve toward the variations in
instructions for each task. We further investigate the impact of fine-tuning and transfer
learning strategies on model sensitivity. Figure 4.4 shows the averaged sensitivity of each
model across all multimodal unseen tasks.

The original OFA exhibits significantly higher sensitivity to variations in instructions com-
pared to models fine-tuned on instruction datasets, indicating that multimodal instruction
tuning significantly improves the model’s capability on interpreting instructions, even with
varying wordings. In addition, by transferring the large-scale NATURAL INsTRUCTIONS dataset
to MutLtiINsTRUCT, sensitivity is also reduced by a large margin, highlighting the benefit of
fine-tuning the model on a larger instruction dataset, regardless of different formats and
modalities.
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4.6.6 Zero-Shot Performance on NLP Tasks

So far, our focus has been on evaluating the
zero-shot performance of multimodal tasks.
In this section, we investigate the effect of
multimodal instruction tuning on the perfor-
mance of text-only tasks. To do this, we
evaluate all our approaches on 20 natural
language processing (NLP) tasks from the
default test split in NATURAL INSTRUCTIONS .

As shown in Table 4.4, OFA\iuititnstruct OUt-
performs OFA, despite the instruction tun-
ing dataset and the unseen dataset are in
different modalities. This suggests that mul-
timodal instruction tuning can help improve
the zero-shot performance on NLP tasks. In
addition, we observe that OFAN.iuralnstruct

OFA/ 40.58
OFAmuttiinstruct | 13.84
OFAseqinstruct | 10.45

OFAMixedlnstruct - 10.27
0 5 10 15 20 25 30 35 40
Sensitivity

Figure 4.4: Model Sensitivity on Unseen
Evaluation Tasks. Lower is better.

achieves the best performance on NLP tasks and OFAjficedmstruct 1S more effective in pre-
serving the zero-shot capability gained from NATUrRAL INsTRUcTIONS on NLP tasks com-
pared to OFAgeqmstruct- Based on the results in Tables 4.1, 4.2 and 4.4, we conclude that
OFA \ixedmnstruct 1S able to achieve overall best aggregated performance on all multimodal and
NLP tasks and shows much lower sensitivity towards variations in the wording of instructions,

making it the most promising approach.

Model

RougeL

OFA
OFAMultiInstruct

2.25
12.18

Transfer Learning from NATURAL INSTRUCTIONS

OFANaturalInstruct
OFAMixedInstruct

OFASqunstruct

43.61
43.32
30.79

Table 4.4: Zero-shot Performance on NLP tasks. The performance is reported in
Rouge-L and the best performance is in bold.

4.7 Summary

In this chapter, we introduced MuLrtiINsTRUCT, the first large-scale multimodal instruction
tuning benchmark designed to enhance the generalizability of vision-language models. The

*https://github.com/allenai /natural-instructions
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dataset covers a broad range of multimodal tasks, each paired with multiple expert-written in-
structions to promote robustness across varying task formulations. By fine-tuning OFA [186]
on MucriInsTrRUCT, we demonstrated substantial improvements in zero-shot performance on
unseen multimodal tasks, establishing instruction tuning as an effective paradigm for multi-
modal generalization. Furthermore, we explored transfer learning techniques leveraging the
large-scale text-only NATURAL INsTRUCTIONS dataset and showed that these strategies further
strengthen model performance. To complement these contributions, we proposed a novel
evaluation metric, Sensitivity, which quantifies robustness to instruction variations. Empir-
ical results revealed that instruction tuning not only improves task generalization but also
significantly reduces instruction sensitivity, particularly when training on a diverse set of
tasks and instructions.

Despite these advances, MurLtiINsTRUCT has notable limitations. First, the diversity of tasks,
though broader than prior benchmarks, remains limited relative to the open-ended complex-
ity of real-world multimodal applications. It remains unclear whether models can achieve
even stronger generalization if trained on a wider spectrum of task types and domains. Sec-
ond, the benchmark primarily focuses on task coverage and instruction variety but does
not explicitly consider human preference alignment, an increasingly important aspect for
real-world deployment. These limitations motivate the next chapter, where we introduce
Vision-Flan, a scaled multimodal instruction tuning dataset that expands task diversity and
incorporates strategies to align model behavior with human-preferred outputs.
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Chapter 5

Scaling Task Diversity for Robust
Generalization

5.1 Motivation

The previous chapter introduced MurtiInsTRUCT, Which established multimodal instruction
tuning as a principled paradigm to improve the generalizability of unified multimodal mod-
els. By curating a benchmark of diverse multimodal tasks and expert-written instructions,
MucriInsTrRUCT significantly enhanced zero-shot performance and reduced sensitivity to in-
struction variations. However, its coverage of tasks remained limited, and the dataset did
not explicitly consider alignment with human preferences. These limitations raise two key
questions: (1) can the generalization ability of vision-language models (VLMs) be further
improved by scaling task diversity beyond what MurtiIlnsTRUCT provides? and (2) how
can we simultaneously preserve broad task competence while aligning model behavior with
human-preferred responses?

Recent vision-language models (VLMs)[31, 93, 117], built upon large language models (LLMs)
[27, 45] and pretrained image encoders [170], have emerged as powerful general visual assis-
tants. These frameworks typically consist of three components: (1) a bridging module (e.g.,
MLP layers in LLaVA [93, 117]) that connects image encoders to LLMs, (2) large-scale image—
text pairs [152] for pretraining, and (3) GPT-4 synthesized instruction datasets [87, 117] for
aligning model outputs with human preferences. Despite notable progress, two significant
challenges remain unaddressed.

First, limited task diversity during pretraining and instruction tuning restricts generalization.
Because the majority of pretraining data is dominated by captioning tasks, VLMs often fail
on tasks such as OCR or specialized reasoning [231], where relevant training instances are
absent. Although recent efforts extend coverage by repurposing datasets for new tasks [64,
116, 231], their scope remains narrow compared to the full range of real-world visual tasks.

Second, most existing visual instruction tuning datasets [87, 117, 218] rely heavily on syn-
thetic GPT-4 annotations generated from captions or dense descriptions. While this strat-
egy produces fluent, human-like responses, it introduces spurious correlations, limited task
grounding, and long-form outputs that increase hallucination risks [103, 111, 113, 243]. More-
over, models fine-tuned exclusively on synthetic data often exhibit catastrophic forgetting,
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losing competence in basic perception tasks such as classification on MNIST [83] or CIFAR-
10 [79].

To address these challenges, we introduce Vision-FLaAN, the most diverse publicly available
visual instruction tuning dataset to date. Vision-Flan consists of 187 tasks spanning a wide
range of domains: perception tasks such as object detection and OCR, domain-specific tasks
such as style and quality classification, and complex reasoning tasks such as graph interpre-
tation and geometric problem solving. Each task is paired with expert-written instructions,
ensuring high-quality task grounding beyond synthetic augmentation. We show some ex-
amples of VisioN-FLAN in Figure 5.1. Building on this dataset, we propose a two-stage
instruction tuning framework: in Stage 1, models are fine-tuned on Vision-Flan to acquire
broad and diverse capabilities; in Stage 2, a small amount of GPT-4 synthesized data is used
to refine the model’s alignment with human preferences. This design balances diversity-
driven generalization with efficient human preference alignment, while reducing reliance on
large-scale synthetic data.
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Instruction. Determine the manufacturer of Instruction. For the given painting, give me
the provided aircraft image. The the artist name. Also provide the genre and
manufacturer refers to the company that style, if possible.

designs, builds, and assembles the aircraft, Target: This artwork was created by Pyotr
possessing the expertise and experience in Konchalovsky. It falls under the genre of still
the aviation industry necessary for life and showcases Post Impressionism style
production and delivery. of painting.

Target: British Aerospace

Instruction./ will give you a radiology image
(scan of a body part). Analyze it and answer
the question given in the input text.

Input: Does the patient have a central line
placed?

Target: Yes

Instruction: Each image has 8 images
labeled as Image 1 to Image 8. These 8
images follow a specific pattern. Detect
the pattern and select the next image in
the sequence from the 8 available
options.

Target: Option 6

Instruction: Answer the question and

Instruction: You are provided with a picture,

Instruction: Detect all the text in the
image.

Target: The texts are: CHESAPEAKE
BAY'S FINEST; FREH FISH DAILY;
CAPTAIN; WHITE; FA; MP & LOBSTER
JUMBO CRABS CO; CRA.

Instruction: Taxonomic category is a rank
or group of organisms developed on the
basis of their characteristics. Identify the
class of the organism in the image.
Target: The class of the organism in the
image is Magnoliopsida.

write a caption with a specific sentiment

provide an explanation.

Input: The question is: What kind of
precipitation is at the top of the
mountain?

Target: The answer is snow because the
mountain tops are white.

(positive or negative) related to the picture.
Write a caption with a positive sentiment for
the given image.

Target: a very nice looking tray filled with
some excellent looking food.

Figure 5.1: Sample tasks in VisioN-FLAN. Instruction denotes a task instruction crafted by
annotators. Input means text input in the given task, and Target is the target response
based on the instruction.
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5.2 Related Work

Instruction tuning [196] is first introduced in NLP and has been adapted to the visual-
language domain. Multilnstruct [206] propose the first human-label multi-modal instruction
tuning dataset for improving the zero-shot performance of pre-trained VLMs. LLaVA [117]
leverage GPT-4 to repurpose text annotations such as captions or dense captions from exist-
ing computer-vision datasets to generate visual dialogues, Complex VQA and detail captions
for visual instruction tuning. Following LLaVA, mPLUG-Owl [217], LAMM [218], MIMIC-
IT [86] and Macaw-LLM [126] leverage proprietary LLMs such as GPT-4 and ChatGPT
to further extend the instruction tuning tasks into 3D-domain, multiple-images and videos,
and increase the amount of training instances. MiniGPT-4 [244] utilizes ChatGPT to refine
output from the pre-trained VLM itself. InstructBLIP [31] and LLaVA-1.5 [116] mix the
human-annotated and GPT4 synthesized datasets to enhance visual instruction tuning.

Several recent work explores different strategies to improve visual instruction tuning. Sta-
bleLLaVA [100] and VPG-C [92] generate both images and texts using Stable Diffusion [150]
or Blended Diffusion [6] to alleviate domain bias and encourage VLMs attend to visual
details. [112] demonstrate the bias introduced by positive instructions and introduce nega-
tive instruction examples for improving robustness. Shikra [19] incorporate visual grounding
tasks in visual instruction tuning to improve the VLM’s referential capability. LLaVAR [231]
and BLIVA [64] leverage OCR tools and GPT-4 to generate tasks helping VLMs to under-
stand text in images. [125] and SVIT [235] empirically study the effect of scaling the size of
VLMs and the size of GPT-4 synthesized dataset. Two concurrent works [20, 184] directly
prompt GPT-4V with images as input to generate visual instruction tuning data and achieve
superior performance. Additional related work can be found in Appendix ?77.

Unlike all prior work, our work mainly focuses on scaling human-labeled tasks in visual in-
struction tuning to improve VLMs’ capabilities. Additionally, we perform extensive analysis
to understand the characteristics of human-labeled and GPT-4 synthesized data and draw
meaningful conclusions.

5.3 Vision-Flan

5.3.1 Collection Pipeline

We carefully design an annotator selection process to identify qualified annotators, which
involves 2 iterations of training and testing. In the end, we hire 7 out of 21 candidates as
our annotators and all of them are graduate students in computer science. To ensure the
diversity and quality of the tasks in Vision-FLAN, we design a rigorous annotation pipeline
with four major steps:
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Figure 5.2: Comparison of task diversity between VisioN-FLAN and previous visual instruc-
tion tuning datasets. LLaVA and SVIT report very coarse-grained categories of tasks. Each
circle represents a task category and the radius is proportional to the number of tasks in
that category. The radius of circles for different datasets are comparable.

Existing dataset collection and pre-processing: Two expert researchers (i.e., senior
Ph.D. students in the fields of natural language processing and computer vision) search
online and identify high-quality vision-language datasets. The datasets are then equally
distributed to 7 annotators to download and preprocess the datasets. Each processed instance
consists of an image, an instruction (the task definition from the original dataset with minor
modifications), a text input if applicable, and a target output.

Creating new tasks: The two expert researchers and annotators also discuss potential
new tasks that could be derived from the existing annotations. We derive new tasks by
combining the annotations of two or more existing tasks on a dataset. For example, in the
Concadia dataset [76], each instance consists of an image caption and a knowledge snippet
related to the image. We propose a new task to predict both the caption and the background
knowledge given an image, which is a free-form generation task. The new target output is
formed by concatenating the caption with the knowledge snippet. We also develop new
tasks by creating more basic versions of the original tasks. For example, given the object
detection annotations in MSCOCO [108], we propose an object selection task in which we
provide a list of objects and ask the model to select the object that appears in the image
(the negative options are created by sampling objects that appear in other images but not
in the given image). The expert researchers and annotators manually solve 20 instances for
each newly developed task. If the human predictions match the target outputs, this new
task is considered valid.

Iteratively refining the task instructions and output templates: For existing tasks,
we ask annotators to write instructions based on the original task definitions with minor
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modifications. For newly developed tasks, the annotators write instructions by discussing
with the expert researchers. Once an annotator finishes writing a new instruction, one of the
two expert researchers is randomly assigned to examine the instances and provide feedback
for revising the instruction. This step iterates repeatedly until the instruction meets our
requirements. We require the instruction to be clear, easy to understand, and can be correctly
executed by a human. Each task together with its associated dataset and instruction is then
added to the pool of candidate tasks for Vision-FLAN.

Verifying the quality of each task: From the candidate task pool, two expert re-
searchers, including a native English speaker, work together to select the high-quality tasks
where the instruction is fluent and effectively conveys the intended task and the task does
not overlap with other tasks.

Based on these four steps, we finally collect 187 high-quality tasks, and for each task, we
randomly sample 10,000 instances from its corresponding dataset. If a dataset contains
less than 10,000 instances, we include all of them. We name the dataset as VisioN-FLAN,
consisting of 1,664,261 instances for 187 tasks in total.

5.3.2 Comparison with Existing Datasets

Dataset Instances # Tasks # Source
LLaVA [117] 150K 3 Synthetic
LAMM |[218] 196K 8 Synthetic
VL-Qwen [7] 350K Unknown  Private
M®IT [94] 2.4M 40 Synthetic
mPlug-Owl [217] 150K 3 Synthetic
Shikra [19] 156K 4 Synthetic
SVIT [235] 4.2M 4 Synthetic
Multilnstruct [206] 510K 62 Public
VisioN-FLaN (Ours) 1.6M 187 Public

Table 5.1: Comparison between VisioN-FLAN and existing visual instruction tuning datasets.

Table 5.1 presents a comparison between existing visual instruction tuning datasets and
Vision-FLaAN. For existing visual instruction tuning datasets, we directly adopt the numbers
of tasks and instances reported in their original papers. The majority of these datasets are
generated using proprietary language models, such as ChatGPT' and GPT-4°, and exhibit
a narrow range of task diversity. VL-Qwen [7] is a recently introduced large-scale dataset
annotated by humans but remains inaccessible to the public. Although Multilnstruct [206]
is based on publicly available datasets, it mainly focuses on visual grounding tasks and

"https://openai.com/blog/chatgpt
*https:/ /openai.com /research/gpt-4
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only contains 29 tasks that do not involve region-specific information. In contrast, Vision-
FLAN encompasses a significantly more diverse array of tasks, offering a three-times increase
compared to the number of tasks in Multilnstruct.

In Figure 6.1, we compare the task categories covered by Vision-FLAN and other datasets.
Tasks within Vision-FLAN are first categorized into three primary groups: Question Answer-
ing, Classification, and Generation, and each of these primary groups is further divided into
specific, fine-grained categories. For instance, within the Classification group, the General
Object category involves classifying objects in images into various concepts, such as “fish”,
“car”, and “dog”. Contrastingly, the Vehicle Model category demands the models to accu-
rately identify specific car brands or models, like “Toyota” and “Camry”. The visualization
in Figure 6.1 clearly demonstrates the superior diversity and volume of tasks in Vision-FLaN

compared to existing datasets. We list tasks in each category in Appendix ?7.

5.4 Multi-Stage Instruction-Tuning

Model Architecture We adopt the same VLM architecture as LLaVA [116] and denote
it as LLaVA-Architecture. As shown in Figure 5.3, it consists of a pre-trained vision encoder,
a pre-trained large language model, and two layers of MLPs to connect them. In the vision-
language pre-training phase of the LLaVA-Architecture, both the pre-trained vision encoder
and large language model remain frozen, and only the MLP layers are trained on a large-scale
image captioning dataset [152]. We leverage this pre-trained LLaVA model , without any
visual instruction tuning, as our initial model and finetune it on VisioN-FLAN. During visual
instruction tuning, we finetune both the MLP layers and the language model while keeping
the vision encoder frozen.

a small dog is looking up at the cat .
g N Pretrained LLaVA

| LLM | 7
- - Stage 1: Visual
[ MITPS J o lnstructi(in Tuning
\ ViT ‘ %" Vision-Flan Base} Vision-Flan

a a small dog is looking

[ O] up at the *

- Stage 2: Human-
& Preference Alignment @

GPT-4
Synthesized
Data

[ Vision-Flan Chat ]

Figure 5.3: The left of the figure shows the LLaVA-Architecture and the right of the figure
shows the two-stage visual instruction tuning pipeline.
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Two-stage Visual Instruction Tuning Contrary to prior approaches [31, 116] that mix
human-labeled data with GPT-4 synthesized data for visual instruction tuning, our study
introduces a two-stage instruction tuning pipeline. As shown in Figure 5.3, in the first stage,
we finetune the VLM on all 187 tasks of VisioN-FLAN to acquire diverse capabilities and name
the resulting model as Vision-FLaN Base. However, due to the brevity of target outputs
presented in academic datasets, the responses from VisioNn-FLAN Base are not in human-
preferred formats. Hence, we further finetune Vision-FLan Base on GPT-4 synthesized
data to align the model’s outputs with human preference. We denote the yielded model
as VIsiION-FLAN CHAT. This training framework requires minimal GPT-4 synthesized data
while providing deep insights into the distinct contributions of human-labeled and GPT-4
synthesized data in visual instruction tuning.

Implementation Details We leverage LLaVA-Architecture with Vicuna-13B v1.5 [27],
CLIP-ViT-L-336px [144] and two layers of MLP as our VLM. For the first-stage instruction
tuning, we finetune the MLP layers and the language model on Vision-FLaN for 1 epoch
with a learning rate 2e-5 and per device batch size 16 on 8 A100 GPUs. For the second-stage
instruction tuning, we further finetune the MLP layers and the language model on 1,000
instances randomly sampled from the LLaVA dataset [117] with learning rate le-5 and per
device batch size 8 on 8 GPUs for 128 steps. In the following sections, we use LLaVA dataset
and GPT-4 synthesized data interchangeably.

5.5 Experiment Setups

Evaluation Datasets We evaluate the models on several widely adopted multimodal
evaluation benchmark datasets including multiple-choice benchmarks: MMbench [123],
MME [42], and MMMU:; free-form generation benchmarks: MM-Vet [222] and LLaVA-
Bench; the hallucination benchmark: POPE [103], and catastrophic forgetting benchmarks:
CIFAR-10 and CIFAR-100 [79], MNIST [83], and minilmageNet [183].

Evaluation Protocols For MMbench, MME, MM-Vet, LLaVA-Bench, POPE and MMMU,
we strictly follow their official implementations of evaluation code to evaluate the perfor-
mance of each model. For datasets that do not have official evaluation codes including

CIFAR-10, CIFAR~100, MNIST, and minilmageNet, we leverage the state-of-the-art open-
source LLM, Vicuna 1.5 13B, to perform the evaluation and report the averaged performance

on these four datasets in the CF column in Table 5.2.

Baselines We compare our models with several recent state-of-the-art vision-language
models, including BLIP-2 [93], InstructBLIP [31], Shikra [19], LLaVA [117], Qwen-
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VL, Qwen-VL-Chat [§], and LLaVA-1.5 [116]. The LLMs and image encoders used in
all baselines are shown in Table 5.2.

5.6 Results and Discussions

5.6.1 Main Results

Model LLM Image Encoder MM-Bench MME MMMU LLaVA-Bench MM-Vet Pope CF
BLIP-2 FlanT5-XXL ViT-g/14 - 1293.8 34.0 - 22.4 85.3 -
InstructBlip Vicuna-13B ViT-g/14 36.0 1212.8 33.8 58.2 25.6 78.9 -
Mini-GPT4 Vicuna-13B ViT-g/14 24.3 581.67 27.6 - - - -
Shikra Vicuna-13B ViT-L/14 58.8 - - - - - -
LLaVA Vicuna-13B v1.5 CLIP-ViT-L-336px 38.7 1151.6 - 70.8 334 75.3 -
Qwen-VL Qwen-7B ViT-bigG 38.2 - - - - - -
Qwen-VL-Chat Qwen-7B ViT-bigG 60.6 1487.5 32.9 73.6 - - 72.1
LLaVA 1.5 Vicuna-13B v1.5 CLIP-ViT-L-336px 66.7 1531.3 33.6 70.7 35.4 83.6 73.3
Vision-FLAN Base  Vicuna-13B v1.5 CLIP-ViT-L-336px 69.8 1537.8 344 38.5 33.4 859 87.2
Second-Stage Tuning with 1,000 GPT-4 Synthesized Instances

VisioN-FLAN CHAT  Vicuna-13B v1.5 CLIP-ViT-L-336px 67.6 1490.6 34.3 78.3 38.0 86.1 84.0

Table 5.2: Comprehensive evaluation of VLMs on widely adopted benchmark datasets. CF
denotes the averaged performance of VLMs on four catastrophic forgetting benchmarks.

As demonstrated in Table 5.2, VisioNn-FLAN BASE achieves state-of-the-art performance on
comprehensive evaluation benchmarks including MME, MM-Bench and MMMU, while re-
ducing hallucination and catastrophic forgetting. However, we observe that Vision-FLAN
Bask scores significantly lower on the LLaVA-Bench dataset in comparison to VLMs trained
using GPT-4 synthesized data. We attribute this discrepancy to the conciseness and brevity
of target outputs within academic datasets. As shown in Figure 4.2, VQA tasks frequently
yield outputs comprising a single or a few words. Even outputs of many generation tasks
are typically confined to one or two succinct sentences. Training on these tasks leads Vision-
FLaN BASE to generate brief responses, which are not aligned with human preferences.

Conversely, through the second-stage tuning
on a mere 1,000 GPT-4 synthesized data in- Performance Vs Number of Training Tasks
stances, VisioN-FLAN CHAT achieves signifi-
cant performance improvement on LLaVA-
Bench, a benchmark measuring human- g7
preference alignment, while maintaining a EBO
relatively lower rate of hallucination and 8g
[15)
o

5
—— 10

. . e —— 20

catastrophic forgetting. Another finding in 0 B ==

Table 5.2 is that compared to Vision-FLAN 100

Basg, Vision-FLAN CHAT achieves slightly in- —

ferior performance on comprehensive evalua- MM-B MME Pope MMMU
Benchmarks
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tion benchmarks demonstrating the bias and
hallucination inevitably introduced by the
GPT-4 synthesized data, which is discussed
in detail in Section 5.6.2.

5.6.2 Effect of Human-Labeled

and GPT-4 Synthesized Datasets

Effect of Task Diversity in Vision-FLAN

Figure 5.4 illustrates the relationship between

the number of tasks from Vision-FLaN employed during visual instruction tuning and the
performance of VisioN-FLaN BASE across four comprehensive evaluation benchmarks. It’s
apparent that as the number of tasks increases, the performance of VisioN-FLAN Basg on
all datasets is improved. To evaluate the impact of varying numbers of instances from
different tasks, we fix the total amount of instances used for visual instruction tuning and
experiment with different numbers of tasks. As demonstrated in Table 5.3, when the number
of training instances is constant, augmenting the number of tasks significantly enhances
model performance. These findings substantiate our hypothesis that the diverse array of
human-labeled tasks within VisION-FLAN is essential for improving the capabilities of VLMs.

# of Tasks # of Instances per Task MMB MME Pope MMMU
Training with 100,000 Instances

10 10,000 58.3 7239 81.0 32.6
187 500 58.8 1314.3 83.3 33.3
Training with 200,000 Instances

20 10,000 58.8 897.3 834 31.8
187 1,000 63.5 13735 83.6 33.7

Table 5.3: Comparison of VisioN-FLan Base trained with a fixed total amount of data

instances.

Effect of GPT-4 Synthesized Data
on Comprehensive Evaluation Bench-
marks Furthermore, we analyze if GPT-4
synthesized data can improve the model’s
performance on comprehensive evaluation
benchmarks and show the results in Figure
5.5. Further tuning Vision-FLAN BASe on
GPT-4 synthesized data instances does not
lead to performance improvement. Tuning
pretrained LLaVA model on a small amount
of GPT-4 synthesized data (100) can im-
prove its performance on MME but further
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increasing the number of training instances
does not lead to any improvement. These
observations are in line with recent findings
in LLMs: GPT-4 synthesized data does not
improve model’s capability but rather modu-
lates the responses towards human-preferred formats [50, 67].

5.6.3 Single-stage Tuning on Mixed Data Vs. Two-stage Tuning

In this section, we compare the performance of two training strategies based on the same pre-
trained LLaVA model: (1) finetuning it on the mix of Vision-FLaN and the LLaVA dataset;
(2) finetuning it utilizing Vision-FLaN and 1,000 instances from the LLaVA dataset with our
two-stage tuning method. As illustrated in Table 5.4, the performance of VLMs finetuned
on the mix of VisioN-FLan and GPT-4 synthesized data is notably inferior compared to
VisioN-FLAN CHAT trained through our two-stage tuning framework.

Method # of LLaVA MME LLaVA-Bench MM-Vet

Mixed Data 1,000 1364.0 52.7 36.6
Mixed Data 158,000 13179 63.9 36.8
Two-stage 1,000 1490.6 78.3 38.0

Table 5.4: Comparison between single-stage finetuning on mixed data and two-stage finetun-
ing.

5.6.4 Effect of Newly Created Tasks

In the data collection phase of Vision-FLAN, we collaborate with annotators to derive 65
novel tasks from pre-existing annotations. To evaluate the impact of these newly introduced
tasks, we conducted an experiment where a VisioNn-FLAN Basg was trained exclusively on the
existing tasks and its performance was compared against the Vision-FLAN BASE trained on
all tasks, including the new additions. The comparative results are presented in Table 5.5.
The outcomes distinctly demonstrate the advantages of expanding the task set through the
utilization of existing annotations.

Model Name MME MM-Bench Pope
VisioN-FLAN Basg 1537.8 69.8 85.9
Vision-FLAN Base w/o New Tasks 1379.8 67.3 84.6

Table 5.5: Comparison between finetuning VisioN-FLAN Basg on all tasks and finetuning
VisionN-FLAN BASE only on existing tasks.
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5.6.5 Contributions of Tasks from Different Task Groups

Understanding the contribution of each task to the models’ performance is crucial for visual
instruction tuning. However, training a model on each task in Vision-FLAN can impose sig-
nificant computational cost. Instead, we propose a group-level analysis of task contributions.
As illustrated in Figure 6.1, tasks are categorized into three primary groups: Question An-
swering (QA), Classification, and Generation. We train three Vision-FLaAN CHAT models on
Vision-FLAN, each time excluding all tasks from one primary group, and show their perfor-
mance in Table 5.6.

Model Name MME Pope LLaVA-Bench MM-Vet
VisioN-FLaN CuAT  1537.8  86.1 78.3 38.0
w/o QA 1211.6 83.3 73.5 37.9
w/o Classification 1376.6  84.9 75.4 37.3
w/o Generation 1390.9 83.8 68.1 36.2

Table 5.6: Contributions of different tasks group to the performance of VisioN-FLAN CHAT.

Our findings indicate that: (1) the inclusion of generation tasks markedly enhances the
model’s capability in free-form generation tasks, as evidenced by performance on LLaVA-
Bench; (2) QA tasks and classification tasks contribute significantly to model’s performance
MME, and (3) synergistic interactions between different task groups lead to further perfor-
mance enhancements.

5.6.6 What is Essentially Improved in VLMs during Instruction
Tuning

LLM MLPs MM-Bench MME LLaVA-Bench Pope

X X 45.0 936.3 32.4 51.9
X 4 52.4 1107.3 39.1 83.3
4 X 69.2 1495.5 39.3 85.6
4 4 69.8 1537.8 38.5 85.9

Table 5.7: Effect of tuning different modules in Vision-FLaN Basg. v denotes the module is
tuned and X denotes the module is frozen during visual instruction tuning.

In LLaVA-Architecture, the MLP layers map the visual features from a vision encoder into
the embedding space of LLMs. The LLMs then interpret the visual features and follow text
instructions to generate responses. In Table 5.7, we show the results of training different
modules during visual instruction tuning and observe that solely tuning MLPs causes a signif-
icant performance drop compared to tuning both MLLPs and LLMs during visual instruction
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tuning. However, tuning LLMs with frozen MLPs results in similar performance as tuning
both modules, demonstrating that visual instruction tuning mainly enables LLMs to better
understand visual features while MLPs have been sufficiently learned during pretraning. To
further support this claim, we replace the instruction-tuned MLPs in VisioN-FLaN BASE and
VisioN-FLAN CHAT with the pretrained MLPs from the pre-trained LLaVA model, and show
that with the pretrained MLPs, both models can retain more than 90% of performance on
most tasks as shown in Table 5.8. We also compute the Pearson Correlation Coefficient be-
tween the parameters of pretrained MLPs and instruction-tuned MLPs, and find that their
correlation coefficient is higher than 0.99.

Model MMB MME LLaVA-Bench Pope
VisioN-FLAN BASE 69.8 1537.8 38.5 85.9
+ Pretrained MLP 68.0 1403.1 36.4 84.0
VisioN-FLAN CHAT 67.6 1490.6 78.3 86.1
+ Pretrained MLP  65.7 1332.2 73.8 85.4

Table 5.8: Results of replacing visual instruction tuned MLPs with pretrained MLPs. Gray
rows show the performance of the original models and show the performance
after replacing instruction-tuned MLPs with pretrained MLPs.

5.7 Summary

In this chapter, we introduced Vision-FLaN, the most diverse publicly available visual in-
struction tuning dataset to date. Vision-FLaN expands task diversity across perception,
domain-specific, and complex reasoning categories, each paired with expert-written instruc-
tions. Building on this dataset, we proposed a two-stage instruction tuning framework: in the
first stage, models are fine-tuned on VisioN-FLAN to acquire broad capabilities across diverse
visual tasks; in the second stage, a small amount of GPT-4 synthesized data is used to refine
alignment with human preferences. This approach not only improves generalization and
reduces hallucination but also mitigates catastrophic forgetting bu scaling human-labeled
tasks.

Our experiments demonstrate that Vision-FLan significantly enhances the capabilities of
VLMs, enabling them to perform more robustly across a wide range of tasks. Moreover, the
two-stage framework achieves stronger human preference alignment with substantially less
synthetic data compared to prior methods, striking an effective balance between data diver-
sity and efficiency. Through extensive analyses, we further clarified the complementary roles
of human-labeled versus GPT-4 synthesized data and highlighted the impacts of different
training strategies.

While Vision-FLaNn establishes a strong foundation for scaling instruction tuning in static
image understanding, it remains limited to static image scenarios. In real-world applications,
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however, vision—language models must reason over temporal sequences in video. To address
this gap, the next chapter introduces our method for incentivizing temporal reasoning via a
novel reinforcement learning algorithm, extending generalization beyond static images into
the spatiotemporal domain.
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Chapter 6

Spatialtemporal Reasoning

6.1 Motivation

The previous chapter demonstrated that large-scale instruction tuning with Vision-Flan
can substantially improve the generalizability and human preference alignment of vision—
language models. However, these post-training efforts were restricted to static image under-
standing, where tasks are defined over a single image or an image—text pair. In contrast, many
real-world applications require reasoning over video, where information unfolds dynamically
over time and models must integrate both spatial and temporal cues to generate coherent
and accurate responses. Extending unified multimodal modeling into the spatiotemporal
domain is therefore a critical step toward building general-purpose multimodal foundation
models.

Recent advances in Multimodal Large Language Models (MLLMs) [30, 132, 185, 192, 208,
233] have significantly improved visual reasoning capabilities. Much of this progress [52, 88,
185, 208], however, remains centered on static images or short image sequences. While such
models demonstrate strong spatial understanding, they often struggle in video-based scenar-
ios [43, 63, 209, 236], where effective reasoning requires temporal awareness, i.e., the ability to
localize, integrate, and reason about events across time [209, 212]. Existing video—language
modeling approaches typically adapt image-based architectures through frame-based or clip-
level representations. Although effective for short-range perception, these strategies often
fail to capture long-horizon dependencies and the causal structure of events, limiting their
applicability to complex, time-sensitive tasks.

These challenges are particularly pronounced in egocentric video understanding [49]. Unlike
third-person videos with relatively stable viewpoints, egocentric recordings are characterized
by rapid viewpoint changes, severe partial observability, and strong dependencies between
past and future frames. Tasks such as action recognition, temporal grounding, and inten-
tion prediction [23, 128, 140] inherently require models to maintain temporal coherence and
reason over extended temporal contexts. Despite recent progress [136, 138, 228], existing
MLLMs frequently exhibit hallucinated events, temporally inconsistent reasoning, and de-
graded performance on egocentric temporal benchmarks.

We identify three fundamental factors that limit temporal reasoning in current video-language
models. First, post-training paradigms such as supervised fine-tuning and reinforcement
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learning methods, including Group Relative Policy Optimization (GRPO) [155], primarily
optimize response quality without explicitly incentivizing temporal consistency or causal un-
derstanding [40]. Second, many training datasets contain questions that can be answered
from a single frame, allowing models to rely on spatial shortcuts rather than learning gen-
uine temporal dynamics [38]. Third, existing benchmarks rarely provide high-quality, long-
horizon temporal reasoning chains; instead, they typically offer only video—answer pairs, as
collecting temporally grounded rationales is costly and difficult [182]. Together, these limi-
tations encourage degenerate solutions that treat videos as unordered collections of images,
leading to temporally incoherent predictions and explanations.

To address these challenges, this chapter introduces Temporal Global Policy Optimization
(TGPO), a reinforcement learning algorithm explicitly designed to incentivize temporal aware-
ness in MLLMs. Rather than relying solely on static supervision, TGPO calibrates reinforce-
ment learning rewards based on the model’s sensitivity to temporal order. During training,
the model is evaluated on both ordered video inputs and temporally shuffled counterparts.
The performance gap between these settings is used as a temporally calibrated reward, which
penalizes solutions that ignore temporal structure. By integrating this calibration mecha-
nism into policy optimization objectives, TGPO encourages models to rely on temporally
grounded reasoning rather than spatial shortcuts.

We integrate TGPO with two widely used policy optimization frameworks, GRPO and Group
Sequence Policy Optimization (GSPO) [237], and apply them to Qwen2.5-VL models [208].
Following a cold-start training regime inspired by DeepSeek-R1-Zero [51], models are trained
directly with reinforcement learning without supervised fine-tuning. Extensive evaluations
on five egocentric video benchmarks demonstrate that TGPO consistently improves tempo-
ral reasoning performance over prior reinforcement learning approaches, highlighting the
effectiveness of explicitly incentivizing temporal awareness for robust egocentric video un-
derstanding.

6.2 Related Works

6.2.1 Policy Optimization Algorithms

A wide range of policy-optimization algorithms has been explored for post-training large
language models (LLMs). Proximal Policy Optimization (PPO) [153] introduces a clipped
surrogate objective that stabilizes policy updates and has become a foundational baseline in
reinforcement learning from human feedback (RLHF) [134]. Direct Preference Optimization
(DPO) [145] instead learns directly from preference pairs without training a reward model,
simplifying alignment by optimizing likelihood ratios between preferred and disfavored re-
sponses. More recent critic-free approaches include ReMax [104], which adapts REINFORCE
with a greedy baseline for simplicity, and RLOO [2], which reduces variance by subtracting
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a leave-one-out baseline computed from other sampled responses. REINFORCE++ [62]
further advances this line of work by using a batch-normalized reward baseline for advan-
tage estimation, avoiding an explicit critic while improving robustness and generalization
across reward models and long chain-of-thought settings. Group-based algorithms such as
GRPO [155] normalize rewards within each sample group to estimate relative advantages
without a value network, while GSPO [237] extends this idea by performing optimization at
the sequence level to better match sequence-level rewards. In contrast, Single-stream Policy
Optimization (SPO) [207] revisits policy-gradient learning from a non-grouped perspective,
replacing per-group baselines with a persistent KL-adaptive value tracker and globally nor-
malized advantages, enabling stable, low-variance learning signals and significantly improved
scalability.

6.2.2 Ego-Centric Video Understanding

Ego4D [49] introduced a large-scale egocentric video dataset with 3,670 hours of multimodal
first-person recordings and a comprehensive benchmark suite covering episodic memory, in-
teraction understanding, and future activity forecasting, establishing a foundational resource
for egocentric perception research. EgoVLPv2 [142] advanced egocentric video—language pre-
training by integrating cross-modal fusion directly into the backbone networks, enabling more
unified representations and reducing downstream fine-tuning costs. GroundNLQ [59] pro-
posed a multi-scale multimodal grounding framework for long egocentric videos and achieved
state-of-the-art performance in the Ego4D Natural Language Queries Challenge through
specialized egocentric feature extraction. EMQA [10] introduced episodic memory—based
video question answering, constraining models to maintain constant-sized memory represen-
tations and releasing the large-scale QAEGO4D dataset to study long-horizon egocentric
reasoning. EgoVideo [138] presented an egocentric foundation model tailored for Ego4D
and EPIC-Kitchens challenges, demonstrating strong generalization across diverse egocen-
tric tasks, including moment retrieval and action anticipation. MM-EGO [216] explored
building egocentric multimodal LLMs by generating 7M QA pairs from Ego4D, proposing a
memory pointer prompting mechanism to improve long-video comprehension and de-biased
evaluation. EgoLife [210] introduced a life-oriented egocentric dataset and QA benchmark
spanning daily activities over extended time horizons, along with an integrated assistant sys-
tem combining multimodal modeling and retrieval for long-context reasoning. EgoVLM [182]
applied Group Relative Policy Optimization to directly align vision-language models with
egocentric reasoning behaviors, demonstrating substantial gains over general-purpose VLMs
and introducing a keyframe-based reward for temporal grounding. Ego-R1 [178] proposed a
Chain-of-Tool-Thought framework with an RL-trained agent to reason over ultra-long ego-
centric videos, enabling modular tool invocation for temporal retrieval and multimodal un-
derstanding across week-long time spans. EgoVITA [80] introduced a reinforcement learning
framework that alternates between egocentric planning and exocentric verification, improving
causal and visually grounded reasoning for first-person video understanding. Exo2Ego [228]
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leveraged large-scale synchronized ego—exo video—text data to transfer exocentric knowledge
into egocentric domains through progressive mapping, significantly improving egocentric
performance while highlighting limitations of existing MLLMs.

Orlgmal Video Sampling

Temporal
Global Policy
Optimization

Shuffled Video Greedy Decoding

Figure 6.1: An overview of our proposed TGPO.

6.3 Method

6.3.1 Background on GRPO

In the GRPO framework [155], given an input prompt s and a video clip ¢ as context, the
MLLM samples a group of |G| candidate responses {yi,...,yg}. A reward function r(-)
assigns a scalar score to each response, producing

{r(y1),--.,7(yc))}- GRPO optimizes the policy by maximizing a group-normalized advan-
tage estimator:

G| |

12 (| s, c) r(yi) =~ he
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where 7y(y;; | s,¢) denotes the log-probability of generating token y;, under the current
parameters 0, and 7y corresponds to a recently updated policy used to form the importance

ratio. Here pug = mean({r(yi)}ﬁll) and og = std({r(yl)}ﬁ'l) are computed within the
sampled group for the given (s, ¢).
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To stabilize training and prevent excessive drift from a reference policy 7., GRPO includes
a KL regularizer. The resulting objective is

mgax E(S,C)~D[A(87 & 9) - 6 DKL<7T9 “ 7T-ref)]a

where [ controls the strength of the regularization.

6.3.2 Greedy Baseline without Temporal Information

We introduce a temporally calibrated reward for video understanding that explicitly encour-
ages MLLMs to exploit temporal cues, rather than relying on static per-frame shortcuts.

Given a prompt s and a video ¢, we first sample a response from the current policy, y ~
7o(+ | s,¢). We then construct a temporal-calibrated baseline by shuffling the video frames
and generate a response with greedy decoding:

g ~ (- | s,shuffle(c)),
We define the temporally calibrated reward as

re(y) = r(y) — (7).

Compared to r(y), the temporally calibrated reward takes into consideration whether tem-
poral reasoning is used in the model’s generation. Specifically, when r(y) > 0, the model
performs better with the temporally coherent video than with shuffled frames, indicating that
it leverages temporal dependencies; we therefore assign a positive training signal. Conversely,
rr(y) < 0 suggests that the prediction does not benefit from temporal information (e.g., the
model treats the input as a set of independent frames), and the resulting non-positive signal
discourages such shortcut behavior.

6.3.3 Temporal Global Policy Optimization (TGPO)

We next show that TGPO can be incorporated into existing policy-optimization objectives.
We present two variants based on GRPO and GSPO.

Integration with GRPO. Standard GRPO normalizes rewards within each group of size
|G| for each prompt s; in a mini-batch B. In contrast, TGPO performs normalization across
all group samples in the mini-batch, which prevents low-variance groups (often correspond-
ing to temporally insensitive instances) from being artificially amplified by within-group
normalization.

Concretely, let | B| be the batch size and |G| the group size. For instance j, if the rewards
of the group samples {r(y;1),...,7(yjjc)} are close to the baseline reward r(g;), then the
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calibrated rewards rr(y;,;) are near zero, indicating that temporal information is largely
unnecessary for answering s;. With only in-group normalization, such low-variance groups
can still yield large normalized advantages and thus contribute disproportionately to training,
encouraging temporally insensitive behavior. Global normalization mitigates this issue: if
other instances in the same mini-batch achieve large rr(+), the batch-level mean increases
and the normalized advantage for temporally insensitive instances becomes small or negative,
reducing their influence. The resulting TGPO (GRPO) advantage estimator is

B G ji
2 &l ] mo(Yjie | 55, ¢5) ) ro(Yji) — B

A(B; :
|B| Z |G| Z |yj’L t=1 Weold(y],lt | S_]? j) O-B

where pp = mean({rT(yjji)}yill”'gl) and op = std({rT(yj,i)};iwiG:ll) are computed over all

| B| X |G| samples in the mini-batch.

Integration with GSPO. GSPO [237] replaces token-level importance ratios with a
sequence-level likelihood ratio, which empirically improves stability while achieving perfor-
mance comparable to GRPO. Under GSPO, we define the sequence-level importance ratio
as

lyj,i

pial) = ety |Z mo(yjin | 55¢5)

= old<yJ'Lt | Sjs ]) ’

then the TGPO (GSPO) advantage estimator becomes

:]>>

2 l Z/)MB
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6.3.4 Prompt Engineering.

During rollout, we prompt the model to generate not only the final answer but also a rea-
soning trace, formatted in a required structure. Following prior work [51], we design the
input prompt to encourage the model to produce an answer accompanied by step-by-step
reasoning. The exact prompts are provided below.
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I provide you with a question about the given video.

Provide a detailed thinking process within <think> </think> tags and then output
the answer within the <answer> </answer> tags. Within <think> tags, provide a
detailed, step-by-step reasoning process. First, describe in detail what happens in the
video that is relevant to the question. Then, explain how you arrive at your answer
by referencing specific evidence or events from the video. Make sure your reasoning is
clear, logical, and closely tied to what is shown in the video. Within <answer> tags,
clearly state your chosen answer, ensuring you select it from the provided options.

The question is: [EVENT]

6.3.5 Reward Modeling

We employ a composite reward that evaluates both answer correctness and output compliance.
Since our datasets use multiple-choice video question answering (VQA), each model response
is expected to contain (i) a reasoning segment enclosed by <think>...</think> and (ii)
a final choice enclosed by <answer>...</answer>. The overall reward is computed per
sampled response and used for policy optimization.

Accuracy Reward. Let a denote the ground-truth option for a given question, and let a
be the option extracted from the model output (i.e., the content inside <answer>...</answer>
after normalization). We define a binary accuracy reward:

0, ifa#a,
1, ifa=a.

7nAccu<a) = {

Format Reward. In addition to correctness, we compute reward adherence to the required
response structure. Specifically, we assign:

0, mnot follow the required format,

TForm(a) = {1

, follow the required format.

A response is considered well-formatted if it contains exactly one <think>...</think> block
and one <answer>...</answer> block; and the <answer> block is non-empty and contains
a valid option from the provided candidate set (after normalization).

Combined Reward. We combine correctness and formatting as

r(a) = Tpceu(@) + AMrporm (@),

where A\ controls the strength of the format signal.
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Model ‘EgoSchemaT EgoPlan? EgoPlan 271 VLM4D? EgoTempo?!
Qwen2.5-VL 3B

+ CoT 20.4 22.2 23.5 37.1 31.6
+ GRPO 46.5 36.5 37.1 46.8 40.0
+ GSPO 45.4 36.3 32.7 474 42.0

+ TGPO (GRPO) 49.6 36.8 423 49.6 45.2
+ TGPO (GSPO) 49.7 36.7 41.1 48.6 426

Table 6.1: Performance comparison of our method TGPO with two popular RL-based opti-
mization methods and chain-of-thought (CoT) reasoning across egocentric benchmarks.

6.4 Experiments

6.4.1 Implementation Details

Base Model and RL Framework. We adopt Qwen2.5-VL-3B [208] as our base model
due to its strong performance on video understanding tasks and its demonstrated potential
for RL-based optimization [40, 99, 191]. All experiments are conducted using this backbone.

We train the model using verwL [157], a flexible and efficient reinforcement learning framework
designed for large-scale model training. At the time of our experiments, VErRL did not natively
support video-based RL training. We therefore extend its implementation to enable video
input processing and video understanding with vLLM [82]. In addition, we implement the
GSPO baseline following the original formulation in prior work [237].

Unless otherwise specified, we use the same training hyper-parameters across all experiments:
format-reward weight A = 0.1, learning rate 1 X 107° with a constant scheduler, KL regular-
ization coefficient 1 X 10_4, weight decay 0.01, number of rollouts 8, sampling temperature
1.0, micro-batch size of 4 per GPU, and mini-batch size 64. Training is performed on 8 nodes,
each equipped with 8 NVIDIA A100 GPUs with 40GB memory.

Training Data. We use EgoIT99K [211] as the training dataset. Since our method and
all baselines (Section 6.4.3) rely on verifiable rewards, we restrict training to the subsets of
EgolT99K that contain multiple-choice and yes/no questions.

For each video, we uniformly sample 32 frames. Increasing the number of frames did not
yield noticeable improvements in our preliminary experiments. Due to the lack of large-
scale, high-quality supervised finetuning data for egocentric video understanding, we follow
the cold-start training paradigm of DeepSeek-R1-Zero [51], training the model directly with
reinforcement learning without a supervised pretraining stage.
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6.4.2 Evaluation

Evaluation Datasets and Metrics. We evaluate all models on five egocentric video
question-answering benchmarks designed to assess temporal understanding. All evalua-
tion datasets consist of multiple-choice questions. Prior work [38] has shown that the full
EgoSchema [128] benchmark contains instances that can often be solved using language
priors or static spatial cues from a single frame. To more faithfully evaluate temporal rea-
soning, we adopt the temporal and others splits filtered by [38]. EgoPlan Bench [23] and
EgoPlan2 Bench [143] evaluate planning and anticipation capabilities, requiring models to
observe ongoing actions in egocentric videos and predict the next step. EgoPlan2 further
increases diversity and realism by grounding tasks in more complex real-world scenarios.
VLM4D [242] consists of carefully curated egocentric video—question pairs that emphasize
translational and rotational motion, perspective awareness, and motion continuity. Finally,
EgoTempo [140] focuses on holistic temporal understanding, where correct answers cannot
be inferred from a single frame or common-sense reasoning alone. Following [228], we modify
the answer of instances in EgoTempo [140] from direct answer generation to multiple-choice
QA for a more stable and reliable evaluation. To construct high-quality distractors, we lever-
age a state-of-the-art vision-language model (VLM). Specifically, we provide the Gemini 2.5
model with the video instances and prompt it to generate plausible incorrect options based
on the visual context and temporal proximity to the ground-truth answer.

6.4.3 Baselines

Our main contribution is the proposed RL algorithm TGPO for better temporal understand-
ing and reasoning. Hence, our main comparison is focusing on comparing our approach
against two RLVR baselines, including GRPO [155] and GSPO [237]. GRPO has been
widely adopt for training strong video reasoning models including Video-R1 [40], Time-
R1 [191], and Video-Chat-R1, [99]. In our implementation, we keep everything for GRPO
and GSPO, including training data and hyperparameters, the same as our methods for a fair
comparison.

In addition, we benchmark against strong MLLMs including proprietary models: Gemini-
1.5-Pro [176], Gemini-2.5-Pro [30], and Claude-Sonnet-4 ' open-source models: Qwen2.5-
VL [208], LLaVA-Video [233], LLaVA-NeXT-Video [232], Video-LLaMA-2 [25], Llava-OneVision
[88], and InternVideo2 [192]; and the egocentric-specialized model EgoVLM [182], which has
been trained with GRPO.

"https:/ /www.anthropic.com/claude/sonnet
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Method VLM4D EgoPlan EgoPlan2 EgoSchema

Baseline

GRPO 1265.13 898.25 784.04 1159.03
GSPO 1305.99 693.21 552.01 1118.76
Ours

TGPO (GRPO) 1339.49 923.93 786.97 1306.32
TGPO (GSPO) 1333.75 905.82 544.95 1144.84

Table 6.2: Area Under the Curve (AUC) of reward over the first 3000 training steps for differ-
ent optimization methods across datasets. A higher AUC reflects faster reward improvement
and improved training stability.

6.5 Results

6.5.1 Comparison with RL-based Methods

Overall Performance. As shown in Table 6.1, TGPO consistently outperforms existing
RL-based approaches across all benchmarks. While standard CoT prompting performs
poorly on temporally demanding tasks, GRPO and GSPO yield substantial improvements,
particularly on EgoSchema and EgoPlan 2. However, these methods do not explicitly enforce
temporal consistency, limiting their effectiveness on benchmarks requiring long-horizon tem-
poral reasoning. Integrating TGPO on top of GRPO or GSPO leads to further and consistent
gains. In particular, Qwen2.5-VL 3B + TGPO (GRPO) achieves the strongest overall perfor-
mance, reaching 49.6 on EgoSchema, 36.8 on EgoPlan, 42.3 on EgoPlan 2, 49.6 on VLM4D,
and 45.2 on EgoTempo. The largest improvements are observed on EgoSchema and EgoPlan
2, indicating that temporally calibrated rewards effectively discourage single-frame shortcuts
and promote reasoning over event order and temporal dependencies. Overall, these results
demonstrate that TGPO substantially enhances temporal reasoning in MLLMs under a fully
reinforcement-learning-based training regime, outperforming existing RL methods.

Training Dynamics. We present the training dynamics (reward versus training steps) on
four benchmarks in Figure 6.2. Darker curves denote smoothed performance for improved
readability, while lighter curves show raw reward trajectories. We exclude EgoTempo from
this analysis, as its long video sequences substantially slow down training. As shown in the
figure, both TGPO variants consistently achieve higher reward than their baseline counter-
parts throughout most of the training process across the evaluated benchmarks. In addition,
TGPO exhibits faster early-stage reward growth and smoother training trajectories, partic-
ularly on VLM4D and EgoSchema, indicating improved learning efficiency and more stable
optimization dynamics. Notably, GSPO shows a clear late-stage performance degradation
on EgoPlan, whereas TGPO (GRPO) maintains a steady improvement trend. On the more
challenging EgoPlan2 benchmark, we observe pronounced reward degradation for GSPO and
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Figure 6.2: Test reward over the 3000 training steps. The reward curves are reported on
four benchmarks across GRPO, GSPO, and our two TGPO variants.

GRPO, as well as for TGPO (GSPO), while TGPO (GRPO) largely avoids this failure mode
and preserves stable reward accumulation throughout training.

To quantitatively assess learning efficiency, we report the Area Under the Curve (AUC) of
reward over the first 3000 training steps in Table 6.2. In reinforcement learning, a higher
AUC reflects faster reward improvement and sustained performance throughout training,
capturing overall sample efficiency rather than isolated peak performance. Notably, TGPO
(GRPO) improves AUC over GRPO from 1159.03 to 1306.32 on EgoSchema (+12.7%) and
from 1265.13 to 1339.49 on VLM4D (4+5.9%). TGPO (GSPO) also yields consistent gains,
improving AUC over GSPO from 1305.99 to 1333.75 on VLM4D (42.1%). Overall, these
results demonstrate that TGPO enables more effective and stable reward accumulation over
time, leading to faster convergence and improved training efficiency across benchmarks.

6.5.2 System-Level Comparison

Tables 6.3-6.7 report performance on five egocentric video question answering benchmarks
that emphasize temporal understanding and long-horizon reasoning. Across all datasets,
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Model EgoSchemat Model EgoPlan 21

Qwen2.5-VL (3B) 20.4 Proprietary
LLaVA-Video (7B) 34.1 GPT-4o 32.6
LLaVA—VldeO (72B) 42.7 Open-source MLLMs
Llava-OneVision (72B) 36.2 LLaVA-Video (7B) 95.3
EgoVLM GRPO (3B)* 46.5 LLaVA-NeXT-Video (7B) 23.3
Qwen2.5-VL 3B Video-LLaMA-2 (7B) 23.0
+TGPO 49.7 EgoVLM GRPO (3B)* 37.1
Qwen2.5-VL 3B
Table 6.3: Performance comparison +TGPO 42.3

on EgoSchema.
Table 6.4: Performance comparison

on EgoPlan 2.

TGPO consistently achieves the strongest performance among open-source models, outper-
forming supervised fine-tuning and standard reinforcement learning baselines under compa-
rable model scales.

On EgoSchema (Table 6.3), TGPO improves upon the strongest open-source baseline (EgoVLM
GRPO, 3B) by a clear margin (49.7 vs. 46.5), and surpasses substantially larger models such
as LLaVA-Video (72B). A similar trend is observed on EgoPlan and EgoPlan 2 (Tables 6.6
and 6.4), where TGPO consistently outperforms both supervised fine-tuning and reinforce-
ment learning baselines initialized from the same backbone. On EgoPlan 2 in particular,
TGPO achieves a large gain over EgoVLM GRPO (42.3 vs. 37.1), indicating that tempo-
rally calibrated optimization is especially beneficial in more challenging planning scenarios.
Notably, TGPO also outperforms proprietary systems such as GPT-40 on EgoPlan 2, despite
the latter’s significantly larger scale and access to private training data.

On VLM4D (Table 6.5), which evaluates tempo-  Model EgoTempo?
ral understanding in translational and rotational 5 -
prietary

motions and perspective awareness, TGPO again  Gemini-Flash 39.1
yields consistent improvements over strong open-  GPT-4o 40.1
source baselines, including Qwen2.5-VL (7B) and  Claude-3.5-Sonnet 13.1
EgoVLM GRPO (3B). While large proprietary mod-  Open-source MLLMs
els such as Gemini-2.5-Pro still achieve the highest =~ Qwen2-VL (7B) 26.1
performance, TGPO narrows the gap substantially, ~Qven2-VL (72B) 28.4

. . . LLaVA-OneVision (7B) 23.3
outperforming several proprietary models and high- 1 v\ 01 oVision (72B) 9%6.5
lighting the effectiveness of targeted temporal rein-  [1aVA-NeXT-Video (34B) 15.7
forcement learning. EgoVLM GRPO (3B)* 40.8

Finally, on EgoTempo (Table 6.7), TGPO achieves Q¥é;%5'VL 3B —
the best overall performance among all mod- i .

els, including proprietary systems. Compared to Table 6.7: EgoTempo benchmark.
EgoVLM GRPO, TGPO yields a notable improve-
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Model VLM4D? Model EgoPlan?

Proprietary Proprietary

Gemini2.5-Pro 64.6 Geminil.5-Pro 32.8

Claude-Sonnet-4 52.6 Open-source MLLMs

Grok-2-Vision 48.8 Qwen2.5-VL (3B) 32.9

Qwen2.5-VL (7B) 33.0

Open-source MLLMs LLaVA-Video (7B) 33.6

Qwen2.5-VL (3B) 37.1 EgoVLM SFT (3B)* 32.1

Qwen2.5-VL (7B) 42.3 EgoVLM Dr. GRPO (3B)  33.0

InternVideo2 (8B) 35.6 EgoVLM GRPO (3B)* 36.5

Llava-OneVision (7B) 36.8 Qwen2.5-VL 3B

Qwen2.5-VL 3B

+TGPO 49.6 Table 6.6: Performance comparison
on EgoPlan.

Table 6.5: Performance comparison
on VLMA4D.

ment (45.2 vs. 40.8), underscoring its advantage in tasks that require fine-grained temporal
alignment rather than static visual recognition. This result further supports the hypothesis
that explicitly optimizing temporal decision-making is critical for egocentric video under-
standing.

Overall, these results demonstrate that TGPO delivers consistent and robust gains across
diverse egocentric benchmarks, and that temporally calibrated reinforcement learning can
substantially reduce the performance gap between open-source and proprietary multimodal
large language models without increasing model scale.

6.6 Summary

This work highlights the importance of explicitly modeling temporal structure in multimodal
large language models for egocentric video understanding. By framing temporal awareness as
a learnable and incentivized capability rather than an emergent property of post-training, we
introduce TGPO as a principled reinforcement learning approach that directly targets causal
and temporal reasoning. Our results demonstrate that contrastive temporal rewards and
cold-start RL training can effectively guide MLLMs toward coherent, temporally grounded
reasoning without reliance on supervised finetuning. We hope this perspective encourages
future research to move beyond static visual reasoning and toward learning-based frame-
works that better align multimodal models with the dynamic, causal nature of real-world
perception.
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Chapter 7

Conclusion and Future Work

This dissertation investigates the fundamental challenge of building general-purpose multi-
modal intelligence systems that can seamlessly unify text, images, and video, and robustly
generalize across diverse tasks in open-world settings. Rather than focusing on isolated
modalities or narrowly defined benchmarks, this work advances a unified perspective on
multimodal foundation models by rethinking architectural design, training paradigms, and
temporal reasoning mechanisms. The overarching goal is to move beyond task-specific mul-
timodal systems toward models that exhibit flexible understanding, scalable generation, and
strong alignment with human instructions across modalities.

This goal is achieved by addressing four interconnected research challenges: (1) enabling in-
terleaved multimodal understanding and generation via modality-specialized synergizers, (2)
designing efficient unified architectures that bridge autoregressive and diffusion paradigms,
(3) improving zero-shot generalization and human-preference alignment through multimodal
instruction tuning, and (4) extending static multimodal reasoning to dynamic spatiotemporal
video understanding.

7.1 Conclusion

First, this dissertation advances interleaved multimodal unification by addressing a core limi-
tation of existing vision—language models: their inability to flexibly generate and reason over
text and images in arbitrary sequences. Through the construction of Leaflnstruct, the first
large-scale post-training dataset specifically designed for interleaved text—image generation,
this work provides the necessary data foundation for studying this problem at scale. Building
on this dataset, the proposed Modality-Specialized Synergizers (MOSS) introduce a princi-
pled architectural augmentation that enables modality-aware adaptation while preserving
strong cross-modal interaction. This contribution demonstrates that unification does not
require treating all modalities identically; instead, carefully designed specialization within a
unified framework leads to more robust and controllable multimodal behavior.

Second, this dissertation proposes efficient unified architectures that reconcile the comple-
mentary strengths of autoregressive and diffusion-based modeling. While autoregressive
models excel at sequential reasoning and language-centric tasks, diffusion models remain the
dominant paradigm for high-fidelity image synthesis. By introducing LaTtE-Flow, a unified
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architecture that integrates diffusion transformers with autoregressive vision—language mod-
els through layerwise timestep experts and residual attention, this work shows that these
paradigms can coexist within a single, scalable framework. The resulting model achieves
strong performance across both multimodal understanding and generation tasks, illustrating
that architectural unification—rather than paradigm replacement—is a viable path toward
general-purpose multimodal systems.

Third, this dissertation establishes multimodal instruction tuning as a central mechanism for
improving zero-shot generalization, robustness, and human-preference alignment. Through
the introduction of Multilnstruct and Vision-Flan, this work significantly expands the scale,
diversity, and coverage of multimodal instruction-following data. The proposed two-stage
instruction-tuning paradigm demonstrates that instruction tuning is not merely an extension
of language-model training, but a foundational component for aligning multimodal models
with human intent across unseen tasks. Empirical results across a wide range of benchmarks
show consistent improvements in generalization, reinforcing the role of instruction tuning as
a unifying post-training strategy for multimodal intelligence.

Finally, this dissertation extends unified multimodal modeling from static images to spa-
tiotemporal video reasoning, addressing a critical gap in existing multimodal systems. It
introduces temporal global policy optimization (TGPO), a reinforcement-learning algorithm
that explicitly incentivizes temporal awareness. Specifically, TGPO contrasts model outputs
generated from temporally ordered versus shuffled video frames to derive calibrated, globally
normalized reward signals that explicitly favor temporally coherent reasoning. The results
demonstrate that temporal reasoning does not naturally emerge from static-image training
alone; instead, it must be explicitly encouraged through objective design. This contribution
highlights the importance of temporal structure in advancing multimodal intelligence toward
real-world, dynamic environments.

Taken together, this dissertation presents a cohesive framework for unified and generalizable
multimodal foundation models. By jointly addressing interleaved generation, architectural
efficiency, instruction-following generalization, and temporal reasoning, the work moves be-
yond incremental improvements to existing models and instead redefines how multimodal
systems can be designed, trained, and evaluated. It shows that progress in multimodal Al
requires not only larger datasets and models, but also principled architectural specialization,
scalable post-training paradigms, and explicit incentives for temporal understanding.

7.2 Future Work

Unified image encoders for joint understanding and generation. A natural next
step is the development of a single, unified image encoder that simultaneously captures
high-level semantic abstractions and preserves reconstructable visual details. While current
multimodal systems often rely on separate representations for perception and synthesis, this
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separation introduces a structural gap between understanding and generation. Future work
will explore representation learning strategies that maintain semantic compactness while
retaining sufficient low-level information for faithful reconstruction. Such shared representa-
tions would enable both discriminative and generative tasks to operate within a common fea-
ture space, reducing modality fragmentation and improving robustness under cross-domain
transfer and adversarial distribution shifts.

Long-horizon, self-evolving, and reflective multimodal agents. Building upon uni-
fied multimodal foundations, future research will investigate agentic systems capable of long-
horizon reasoning, persistent memory, and self-evolution through experience, while maintain-
ing reliability, safety, and alignment as autonomy increases. Rather than executing fixed
pipelines, such agents would dynamically construct and adapt workflows to solve open-ended
tasks over extended temporal horizons, leveraging memory mechanisms, experience replay;,
and continual learning objectives to progressively refine strategies, representations, and deci-
sion policies. To support trustworthy behavior, this direction will also integrate self-critique
and reflective feedback loops that enable agents to evaluate their own outputs, summarize
acquired skills, detect failure modes, and correct erroneous or unsafe actions via internal
consistency checks, retrospective reasoning, and safety-oriented objectives. Together, these
advances aim to move multimodal models from reactive inference engines toward adaptive
problem solvers that improve through interaction while remaining transparent, resilient, and
dependable in real-world deployments.

Physical consistency and long-term dynamics modeling. Future work will pursue
world modeling from raw video that learns dynamics without explicit action supervision,
treating large-scale passive video as the primary signal for motion, causality, and temporal
structure. A central goal is to learn predictive representations that support long-horizon
forecasting while remaining physically consistent, by capturing object interactions, motion
constraints, and conservation-like regularities rather than relying on short-range correlations
across frames. Building on such physics-aware video models, an additional challenge is to
bridge high-dimensional pixels to low-dimensional actions and plans, enabling the system
to translate perceptual states into abstract decision variables and to reason about outcomes
under candidate strategies. Together, these directions aim to couple video-only learning
with physically grounded temporal coherence and actionable abstractions, moving unified
multimodal models toward reliable long-term prediction and decision-making in dynamic
environments.
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