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Abstract One benefit of visual instruction tuning is that it is data

In this work, we propose Visual-Predictive Instruction Tun-
ing (VPIT)—a simple and effective extension to visual in-
struction tuning that enables a pretrained LLM to quickly
morph into an unified autoregressive model capable of gen-
erating both text and visual tokens. VPiT teaches an LLM
to predict discrete text tokens and continuous visual tokens
from any input sequence of image and text data curated
in an instruction-following format. Our empirical inves-
tigation reveals several intriguing properties of VPiT: (1)
visual generation ability emerges as a natural byproduct of
improved visual understanding, and can be unlocked effi-
ciently with a small amount of generation data; (2) while we
find understanding and generation to be mutually beneficial,
understanding data contributes to both capabilities more ef-
fectively than generation data. Building upon these findings,
we train our MetaMorph model and achieve competitive
performance on both visual understanding and generation.
In visual generation, MetaMorph can leverage the world
knowledge and reasoning abilities gained from LLM pre-
training, and overcome common failure modes exhibited by
other generation models. Our results suggest that LLMs may
have strong “prior” vision capabilities that can be efficiently
adapted to both visual understanding and generation with a
relatively simple instruction tuning process.

1. Introduction

Multimodal Large Language Models (MLLMs) have ad-
vanced considerably in visual understanding, progress-
ing from basic image captioning to complex visual infer-
ences [4, 14, 36]. These models process multimodal inputs—
primarily images and language—and generate text tokens.
Multimodal LLMs often leverage a pretrained vision en-
coder [16, 52], a pretrained language model [3, 66], and align
these modalities through connectors such as MLP [36, 37]
or cross-attention modules [4, 14]. Among MLLM training
methods, visual instruction tuning [36] has become widely
used [2, 67]. It treats output embeddings of pretrained vision
encoders as continuous-valued “visual tokens” and directly
feeds them as inputs to pretrained LLMs.

and compute efficient. A pretrained LLM can be repurposed
as a Multimodal LLM by instruction tuning with modest
compute and data on the order of millions of image-text
question-answer pairs [32, 63]. The effectiveness of visual
instruction tuning indicates that LLMs already possess a con-
siderable amount of inherent visual knowledge which allows
them to learn and develop visual understanding during the
instruction tuning process [85]. Inspired by this, we investi-
gate whether LLMs can also be finetuned to generate visual
information with comparable efficiency and effectiveness.

Current attempts toward “unified” models—models ca-
pable of both multimodal understanding and generation—
often treat visual generation as an orthogonal capability
to visual understanding. They tend to require substantial
changes to the original MLLM architecture and significant
multimodal pretraining and/or finetuning. Designing such
methods is challenging, and past research takes different ap-
proaches including tokenizing visual inputs into discrete to-
kens [39, 62, 73], incorporating diffusion objectives [75, 86],
and decoupling vision into separate understanding and gener-
ation modes [71]. For example, approaches like LWM [39],
Show-o [75], and Chameleon [62] require billions of image-
text pairs [17, 56] for extensive pretraining and finetuning.

In this work, we propose Visual-Predictive Instruction
Tuning (VPiT)—a simple extension to visual instruction
tuning which builds upon the existing paradigm of passing
continuous visual tokens as input to the LLM. VPiT trains
an LLM to output both continuous visual tokens and dis-
crete text tokens in the finetuning stage. The model takes
pretrained vision encoder embeddings as well as text tokens
as input, and outputs a combination of text tokens and contin-
uous visual tokens. To visualize the generated visual tokens,
we finetune a diffusion model to map the embeddings back
into pixel space (see Fig. | for an example). This framework
allows us to study the synergy between visual understand-
ing, visual generation, and pretrained LLMs, which leads to
several intriguing findings outlined below.

First, we show that the ability to predict visual tokens
emerges from understanding visual inputs and requires mini-
mal additional training. Similar to visual instruction tuning,
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Figure 1. VPiT Training, Inference, and Examples of MetaMorph. Left: In Visual-Predictive Instruction Tuning (VPiT), we finetune a
pretrained LLM to generate both text and visual tokens using separate text and vision heads. Middle: During inference, the model accepts
an arbitrary input sequence of image(s) and text and outputs discrete text tokens and continuous visual tokens. These visual tokens can be
visualized via a separately finetuned diffusion model, which is trained to condition on the vision encoder’s output. Right: An example
conversation from MetaMorph trained with VPiT. Here, the model implicitly solves a visual puzzle to generate a butterfly. The conversation
continues with new user questions as the model continues to process autoregressively, independent of the diffusion-based visualization.

VPiT efficiently and effectively morphs an LLM into an
“unified” model that understands and generates multimodal
tokens. When trained jointly with sufficient visual under-
standing data, this process requires as little as 200k additional
visual generation data.

We further establish that the abilities to understand and
generate visual tokens are intrinsically linked and asymmet-
rical. Specifically, increasing understanding data improves
visual understanding (measured by higher VQA scores) and
generation (measured by lower FID scores). Conversely,
increasing generation data enhances generation quality and
also contributes to stronger visual understanding—but to a
lesser degree. Importantly, our findings highlight an asymme-
try in how training each ability impacts the model’s overall
vision performance: understanding-centric training substan-
tially outperforms generation-centric training in improving
both visual understanding and generation.

Building upon these findings, we train a unified model
called MetaMorph to predict multimodal tokens with VPiT.
We leverage diverse data sources ranging from common vi-
sual question answering datasets to pure image and video
data without text annotations. MetaMorph achieves com-
petitive performance on both visual understanding and vi-
sual generation benchmarks. Furthermore, we show this
unified modeling approach allows models to leverage the
power of LLMs. For instance, MetaMorph can extract knowl-
edge from the pretrained LLM when generating visual to-
kens. More surprisingly, we observe that MetaMorph can
implicitly perform reasoning steps before generating visual
tokens—e.g. when prompted with “the animal resulting
from a monarch caterpillar’s metamorphosis”, MetaMorph
successfully generates an image of a butterfly (Fig. 1).

Our results suggest that 1) training a unified model with
instruction tuning is feasible, and 2) LLMs have strong pre-
existing visual capabilities which can be activated using
significantly fewer samples compared to extensive pretrain-
ing. These insights shed light on the development of mixed-
modality models. As the community continues to improve
visual understanding in Multimodal LLMs [32, 63, 67] by

advancing base LLMs, instruction tuning techniques, and
data, we highlight that these efforts may also implicitly lead
to models that are better at visual generation.

2. Visual-Predictive Instruction Tuning

Visual instruction tuning as introduced by LLaVA [36]
demonstrates that LLMs can be taught to understand vi-
sual inputs. This is achieved by finetuning on million-scale
data. The success of late-fusion instruction tuning suggests
that LLMs may already possess innate visual understanding
ability. This ability simply needs to be unlocked through
lightweight finetuning. Analogously, we hypothesize that
LLMs already possess a degree of innate visual generation
ability which just needs to be unlocked with finetuning.

Motivated by this, we present Visual-Predictive Instruc-
tion Tuning (VPiT, Fig. 1)—a simple design which extends
existing instruction tuning methods to additionally generate
visual tokens rather than text alone. We use the same archi-
tecture and next-token prediction paradigm to unlock visual
generation capabilities without bells and whistles. We take a
pretrained LLM and finetune it to predict both discrete text
tokens and continuous visual tokens. The visual tokens can
be visualized with an adapted diffusion model.

2.1. From Unimodal to Multimodal Next-Token
Prediction

The standard instruction tuning setup consists of an input se-
quence of conversation rounds [61, 69]: (P, Ri)fil, where
P; and R; represent prompts and responses for the i-th round
of conversation, respectively. The model is trained to gener-
ate responses based on the prompt. VPiT adds the following
mechanisms to a standard instruction tuning setup to unlock
visual understanding and generation.

Tokenizing multimodal data. We extend P; and R; to
include both text and images. To integrate visual data into
a pretrained LLM, we process data closely following visual
instruction tuning [36]:
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e Text Data: Text is tokenized into discrete tokens with a
standard tokenizer used by the LLM.

* Visual Data: Images are encoded with a pretrained vision
encoder such as SigLIP [81]. The output is continuous vi-
sual tokens which are then interpolated to m = 64 tokens.
To pass the visual tokens as input to the LLM, we apply a
trainable projection layer to align the dimensions.

Model architecture. We take a pretrained LLM and finetune
it to process arbitrary sequences of text and visual tokens
(detailed next in Sec. 2.2). We keep the original LLM head
for text prediction, and attach a separate vision head to the
LLM for predicting visual tokens, i.e., the output tokens gen-
erated by the vision encoder when processing images. The
vision head is a projection layer that projects from the LLM’s
dimension to the vision encoder’s dimension. All response
tokens can then be trained and predicted autoregressively,
with prompt tokens as context.

Unlike conventional visual instruction tuning, in VPiT,
visual tokens are also outputs of the LLM—mnot just inputs.
To make the LLM aware of the presence of visual tokens, we
introduce special tokens (image_start) and (image_end)
to indicate the boundaries of visual token sequences and
when to use the vision head.

Loss functions. The language head outputs a probability
distribution over the vocabulary and is trained with cross-
entropy loss for next-token prediction. Visual prediction uses
cosine similarity loss between the LLM’s predicted visual
tokens and those from the vision encoder. Consistent with in-
struction tuning practices, the model only makes predictions
and incurs loss on response tokens.

2.2. Using Broad Types of Data

Because VPiT enables the model to predict both text and
visual tokens in its responses, it allows the use of a broader
range of training data. Traditional visual instruction tuning,
on the other hand, primarily relies on question-and-answer
pairs. The majority of our dataset is publicly available, and
we categorize it into three major categories below. This
categorization enables us to systematically study the model,
as detailed in Sec. 3 and Sec. 4. All data types are formatted
as instruction tuning style prompt & response pairs. See
further details in Appendix C.2.

1. Visual Understanding Data: This category includes
data that takes image(s) or video as input and outputs text
responses. See Fig. | for an example. We use:

* ImageQA: Cambrian-7M [63]. The model answers
questions based on input image(s).
P; € {{visual tokens),(text prompt)}
R; € {(text response)}

¢ VideoQA: VideoStar [87] and ShareVideo [83]. The
model answers questions based on the input video. For
videos in VideoQA, we process frames at 1 FPS.

P; € {(visual tokens),---,(visual tokens),
(text prompt)}
R; € {(text response)}

2. Visual Generation Data: MetaCLIP [76]. The model
predicts visual tokens based on an image description. We
using at most 5 million pairs. We curate the data into
question-answering formats.

P; € {{text prompt)}

R; € {{text response),(visual tokens)}

We prompt the model to generate visual tokens with in-
structions like “Generate an image of...”. The text re-
sponses are “Here is an image based on your request...”.
See Fig. | for an example.

3. Other Visual Data: This category includes data that re-
quires the model to predict visual tokens given interleaved
input visual tokens and text tokens. We use:

e Video Data: SomethingSomethingV2 [21] and
HowTol00M [47]. The model predicts frames in a
sequential order. We design different question-answer
pairs to probe into the video, such as asking about
future frames, past frames, and reordering frames.

P; € {{visual tokens),---,(visual tokens),
(text prompt)}
R; € {{(visual tokens),---,(visual tokens)}

¢ Visual Thinking Data: Visualization-of-Thought [57]
and VStar [72]. The model predicts multimodal tokens
in its response before addressing problems. For in-
stance, it predicts a zoomed-in view of an image before
generating textual responses.

P; € {{(visual tokens),(text prompt)}
R; € {(text response),(visual tokens),
(text response)}

* Image-to-Image Data: InstructPix2Pix [10] and Au-
rora [28]. The model generates a transformed image
conditioned on a text description and an input image.
P; € {{(visual tokens),(text prompt)}

R; € {{visual tokens)}

2.3. Mapping Tokens to Images through Diffusion

Because models trained with VPiT learn to predict continu-
ous visual tokens, we need to map the predicted tokens back
into pixel space. We leverage the concept of a “Diffusion Au-
toencoder” [9, 27, 34, 50, 51] in which the diffusion model
can be adapted to condition on image embeddings. Specifi-
cally, we finetune an existing diffusion model to condition
on outputs from the vision encoder using held-out data.

At inference time, if (image_start) is generated, the
model begins outputting visual tokens until (image_end).
We then plug the generated visual tokens into the diffusion
model to visualize the prediction in pixel space. We use
latent diffusion model training procedures. Details on the
hyperparameters and training are provided in Appendix A.2.
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Figure 2. Generation-only training vs. Joint training with
other data. Training solely on generation data results in inferior
performance. Joint training with additional data enables visual
generation with only 5k generation data and yields high-quality
outputs with 200k generation data.

3. Findings on Unlocking Visual Generation

We study the following questions about the effects and syn-
ergy of visual understanding and generation, under VPiT:
§3.1 Can visual generation be unlocked through lightweight
tuning, or does it require extensive data?

§3.2 Are visual understanding and generation mutually ben-
eficial or orthogonal?

§3.3 How much does more visual understanding or genera-
tion data contribute to understanding and generation quality?
§3.4 Which visual understanding tasks correlate the most
with generation performance?

Evaluation settings. We use 9 ImageQA benchmarks (MM-
Bench, Seed, VStar, MMVP, MMMU, ChartQA, TextVQA,
ScienceQA, RealWorldQA) to evaluate different aspects of
the model. For image generation, we use the finetuned diffu-
sion model to visualize generated visual tokens and measure
FID score (lower is better) and CLIP score (higher is better)
on the COCO-30K dataset. Unless otherwise specified, we
use LLaMA-3 8B [3] / SigLIP ViT-SO400M-14@384 [81]
as the pretrained LLM / vision encoder. We also study the ef-
fect of different LLMs in Sec. 3.2. We use instruction tuned
versions of the LLMs. We pretrain the adapter between the
vision encoder and the LLM following visual instruction
tuning. For experiments in this section, we provide training
details in Appendix A and full results in Appendix B.

3.1. Visual Generation Can Be Unlocked Efficiently
by Joint Training with Visual Understanding

We start by investigating the number of image-text samples
required to teach a language model to generate high-quality
visual tokens. To this end, we randomly sample {1k, 5k,
10k, 50k, 200k, 1M, 3M, 5M} image-text pairs from our
generation data (MetaCLIP dataset [76]). We explore two
settings: (1) finetuning the LLM using only visual generation
data, and (2) joint training visual generation with visual
understanding and the rest of data types described in Sec. 2.2.

In Fig. 2, we see that training solely on visual genera-

Generation Only

Generation + Image-to-Image
Generation + Visual Thinking
Generation + Pure Video
Generation + Video QA
Generation + Image QA

All data

F T T F T T
0 50 100 0 10 20

FID Score (]) CLIP Score (1)

Figure 3. Impact of different data types on visual generation.
The baseline of training on only visual generation data is red;
Joint training with other data is ; Joint training with visual
understanding data is green; and all data is blue. Joint training with
additional data improves the baseline, with visual understanding
tasks contributing the most to enhancing visual generation.

tion performs significantly worse than joint training with
all other data. With over 3 million image-text pairs, the
model struggles to generate high-quality visual images (~
40 FID score), and performance remains inferior to joint
training with 5 million pairs. This suggests that training
solely on visual generation data is significantly less sample
efficient. This finding aligns with a prior study [84] which
also suggests that LLMs cannot be easily tuned to gener-
ate visual tokens when trained with only generation data.
In contrast, joint training with other datasets substantially
improves generation performance. The model generates
effective visual tokens with just 5k generation data, and per-
formance stabilizes around 200k samples. This indicates that
visual generation is not an orthogonal capability but rather
an ability that emerges more effectively with joint training.
To better understand how each type of data contributes to
visual generation, we conduct a controlled experiment using
200k visual generation data, joint training individually with
each data type defined in Sec. 2.2. We also compare them
with training all the data together and show results in Fig. 3.
While all data types enhance the model’s visual generation,
the degree of improvement varies. Visual understanding
data, such as ImageQA and VideoQA, significantly boost
the model’s visual generation capabilities. This indicates a
strong link between the ability to understand visual content
and generate visual tokens. Additionally, combining all data
types in training further improves performance, suggesting
that the benefits from different data types can be additive.

Finding 1: Visual generation can be unlocked with
significantly less generation data when the model
is jointly trained with visual understanding data, in
contrast to training only on generation data.

3.2. Visual Understanding and Generation are Mu-
tually Beneficial

More understanding data leads to better understanding
and generation. Building upon findings from the previous
subsection, we perform a controlled experiment to investi-
gate how visual understanding correlates with visual genera-
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Figure 6. Comparison between different language backbones.
We jointly train 7M VQA and 1M Generation data on different
language backbones (LLaMA-3 8B, LLaMA-3.1 8B, LLaMA-3
70B). We observe that the synergy between understanding and
generation transfer across LLMs.
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tion ability. We ablate our model using a fixed set of 200k
generation data while varying VQA data from 1M to 7M
samples from Cambrian-7M to develop different levels of
visual understanding. The results presented in Fig. 4 indicate
that stronger VQA ability correlates with better generation.

More generation data leads to better understanding and
generation. Here, we investigate the reverse direction: does
enhancing the model’s visual generation capability also re-
late to higher VQA performance? To explore this, we con-
duct a controlled experiment using 1M fixed VQA samples
as the baseline for understanding. We then vary the amount
of generation data ({200k, 500k, 1M, 2M, 3M, 4M}) to ad-
just generation capacity while joint training with the fixed
IM VQA data. We present results in Fig. 5. Within the 1M
VQA setting, stronger generation ability is correlated with
improved VQA performance. This implies that increasing
the amount of generation data not only enhances generation
but also positively impacts VQA performance.

This synergy scales across different LLMs. We examine
whether the findings transfer across LLM backbones. Using
a data composition of 7M VQA and 1M generation data, we
train VPiT on LLaMA-3 8B, LLaMA-3.1 8B, and LLaMA-3
70B. Fig. 6 shows scaling behaviors across different LLMs.

Figure 7. Heatmap visualization of Average VQA Score, FID
Score, and CLIP Score across varying amounts of VQA data
and generation data. Darker colors indicate better performance.
Increasing VQA data is more effective for improving both under-
standing and generation capabilities.

Finding 2: Visual understanding and generation are
synergistic. Increasing data for either capability en-
hances both simultaneously.

3.3. Understanding Data Contributes More

We investigate whether understanding and generation data
contribute equally. Here, we jointly train different scales
of VQA data {IM, 4M, 7M} and generation data {200k,
500k, 1M, 2M, 3M, 4M}. Fig. 7 summarizes these findings,
with the x-axis representing VQA data, and the y-axis repre-
senting generation data. Results are visualized on heatmaps
using darker colors for better performance.

The results indicate that increasing VQA data yields the
most significant improvements in all three metrics. When
VQA data is relatively low (1M), increases in generation
data lead to noticeable improvements, as reflected by the
gradual darkening in the plot. However, as the VQA data
scales up (from 1M to 4M to 7M), the impact of VQA data
becomes more pronounced, demonstrated by a sharp color
transition in the heatmap. Ultimately, with 7M VQA data,
increases in generation data contribute minimally. These
results demonstrate the critical role of understanding data in
enhancing both understanding and generation performance.

Finding 3: While increasing data improves perfor-
mance overall, the impact of visual understanding
data is more significant than visual generation data.
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2
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, High-Resolution VQA,

and Knowledge VQA. For most tasks, generation performance and VQA performance are strongly correlated: higher VQA performance
indicates better generation and vice versa. Knowledge-intensive and high-resolution VQA tasks exhibit weaker correlations with generation.

3.4. Certain Understanding Tasks Correlate More
with Generation Performance

Given the diverse nature of understanding tasks such as OCR,
Vision-Centric tasks, and Knowledge-based tasks, we investi-
gate which tasks most strongly correlate with generation abil-
ity. Inspired by Cambrian-1, we categorize VQA tasks into
five groups: General, Text&Chart, High-Resolution, Knowl-
edge, and Vision-Centric VQA. Using the results from our
earlier experiments, which jointly train various VQA data
scales with different amounts of generation data, we plot
each benchmark’s VQA performance against generation per-
formance in Fig. 8. We also calculate the Pearson correlation
(p) between VQA scores and FID/CLIP Scores.

Fig. 8 shows that General, Vision-Centric, and
Text&Chart VQA tasks strongly correlate with generation
performance, each with a p above 0.85. High-Resolution
VQA exhibits moderate correlation, with p around 0.7. In
contrast, Knowledge VQA tasks show weak correlation with
generation performance. These findings suggest that gen-
eration ability aligns more closely with the model’s vision
capabilities rather than knowledge-specific tasks.

Finding 4: General, vision-centric, and text VQA
tasks exhibit strong correlations with visual genera-
tion, whereas knowledge VQA tasks do not.

4. MetaMorph Model

Based on the insights in Sec. 3, we train our unified model,
MetaMorph, based on LLaMA-3.1 8B [3], using VPiT with
the data in Sec. 2.2. We present our results in three parts:
quantitative performance (Sec. 4.1), evidence of MetaMorph
leveraging LLM knowledge in visual generation (Sec. 4.2),
and multimodal implicit reasoning skills. (Sec. 4.3).

4.1. Competitive Performance

We compare MetaMorph with other unified models and sum-
marize results in Tab. 1. Since these models are trained
on different datasets and base LLMs (or pretrained from
scratch), an apples-to-apples comparison is difficult. Never-

theless, MetaMorph demonstrates competitive performance
and outperforms other unified models on most benchmarks—
even when prior models may have been trained on more
data. Compared to models trained from scratch, such as
EMU-3 [68] and Chameleon [62], MetaMorph leverages
latest LLMs and achieves competitive understanding and
generation performance. MetaMorph highlights that unified
models can be developed effectively from pretrained LLM:s.

4.2. MetaMorph can Leverage LLM Knowledge

MetaMorph effectively leverages the world knowledge em-
bedded in pre-trained LLMs. We show examples on the
left side of Fig. 9. We prompt the model to generate con-
cepts requiring non-trivial and specialized knowledge. Exam-
ples include “Chhogori” (the world’s second-highest moun-
tain), “Oncilla” (a small wildcat from South America), and
“Chizarira” (an isolated wilderness area in Zimbabwe).

MetaMorph successfully translates domain-specific
knowledge into accurate visual tokens, thereby displaying
the ability to leverage world knowledge from LLMs. In con-
trast, the latest Text-to-Image (T2I) model, Stable Diffusion-
3.5 8B, struggles to generate the correct concept despite pro-
ducing high-quality images. This issue may stem from the
text embedding models it uses—CLIP [52] and T5 [54]—
which fail to properly encode these specialized terms [80].

On the right side of Fig. 9, we demonstrate how Meta-
Morph handles common semantic challenges more effec-
tively than text embedding models such as CLIP and
T5. These challenges include negation and subjectiv-
ity [64]. MetaMorph differentiates semantic nuances such
as “slightly” versus “very” and “few” versus “many”’, which
are common failures in existing text-to-image systems.

4.3. Reasoning in Multimodal Generation

In Fig. 10, we present examples where the model generates
images in response to puzzle prompts such as “The national
flag of the country where Yellowstone National Park is lo-
cated”. For each puzzle, we directly use the prompt “Gener-
ate an image of {puzzle}”, without calling Chain-of-Thought
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Stable Diffusion 1.5* - - - - - - - - - - 9.6
Dalle 2 - - - - - - - - - - 10.4
Imagen™ - - - - - - - - - - 7.3
Unified Models
EMU-3* 58.5 682 57.4 36.60 892 31.6 518" 68.6 64.7 - 12.8
Janus* DeepSeek 1.3B 694 63.7 - - - 305 - - - - 8.5
VILA-Ussst  LLaMA-27B 66.6 57.1 46.6 220 67.1 322 387 114 483* 40.8 19.6

Transfusion™ - - - - - - - - - - 6.7
Chameleon-7BT 357 272 196 00 503 284 37.1 0.0 00 - 26.7*
MetaMorph (ours) LLaMA-3.18B 752 71.8 583 483 832 41.8 440 37.1 60.5 48.8 11.8

Table 1. Comparison of MetaMorph with other unified models. MetaMorph offers competitive performance compared to other leading
unified models. Models in gray are understanding-only or generation-only. Unified models without a base LLM are trained from scratch.
*We use numbers reported in original papers. TWe obtain results using official open-sourced model weights.
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Figure 9. Examples of MetaMorph leveraging LLMs to generate visual tokens. Left: MetaMorph can leverage knowledge from the
LLM to generate visual tokens for professional terms that need domain-specific understanding. Right: MetaMorph also avoids common
mistakes seen in T2I models that condition on text embeddings (e.g., Stable Diffusion-3.5 8B).

(CoT) [70] in the prompts. MetaMorph generates correct
images from prompts that require multi-step reasoning.

For example, when answering the question “A musical
instrument, this instrument is often played by the scientist
who formulated the theory of special relativity”, the model
needs to implicitly complete three reasoning steps: it identi-
fies Albert Einstein as the scientist formulated the theory of
special relativity, recognizes that his preferred instrument is
the violin, and then directly generates correct visual tokens—
a violin—without explicitly separating these steps during the
generation process. This result implies that MetaMorph im-

plicitly solves the puzzle and generates correct visual tokens
immediately following the prompt. These results align with
the findings in Physics of LMs [5, 77], that LLMs precom-
pute reasoning graphs before autoregressively generating
subsequent tokens. Here, we demonstrate that this capability
transfers to the unified multimodal model setting.

5. Related Work

Instruction tuning and visual instruction tuning. Instruc-
tion tuning [61, 69] finetunes a pretrained LLM to learn the
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Figure 10. Examples of MetaMorph solving reasoning problems in visual generation. We design puzzles that require multi-step
reasoning. We include reference logic chains needed to solve the puzzles, and reference solution examples . When prompting each
model, we directly feed in the puzzle without any CoT hints or logic chains. MetaMorph has the ability to implicitly solve these puzzles and
generate the correct image without explicitly creating or processing a logic chain.

format and unleash the capabilities acquired during pretrain-
ing [85]. LLaVA [36] extends instruction tuning into the
multimodal domain. Different lines of work focus on im-
proving data [11, 29, 30], visual representation [13, 26, 63],
and training strategies [18, 38]. Using only a few million
data, open-source MLLMs [32, 38, 63] reach performance
levels comparable to proprietary models [6, 48] on a number
of benchmarks [40, 78, 79] and applications [49, 82].

From Multimodal LLMs to unified models. Recent ef-
forts to construct unified models have primarily relied on
either extensive pretraining or heavy fine-tuning on billion-
scale datasets. Some studies also use continuous embed-
dings for predicting visual tokens, integrating regression
losses [59, 60], or leveraging diffusion methods [15]. Other
approaches [1, 39, 42, 43, 62, 68, 73] tokenize all data into
discrete tokens. Recent research also explored combining
autoregressive and diffusion objectives [75, 86]. Different
from previous study, we demonstrate that unified models can
be effectively trained in low-data regimes during instruction
tuning, while also providing insights into the reciprocal rela-
tionship between visual understanding and visual generation.

6. Discussion

In this work, we propose VPiT—a simple yet effective ex-
tension to visual instruction tuning—that enables LLMs to
predict multimodal tokens. VPiT unlocks the use of a more

diverse range of instruction tuning data than just visual ques-
tion answering, such as text-to-image data. Through con-
trolled experiments, we find that visual generation ability
emerges as a natural byproduct of improved visual under-
standing and requires modest additional generation data. In
addition, we find that while visual understanding and genera-
tion are mutually beneficial, adding more visual understand-
ing data disproportionately improves overall performance
compared to adding more generation data.

Leveraging these insights, we train MetaMorph by fine-
tuning LLaMA-3.1 8B with VPiT. With a simple training
process, MetaMorph achieves competitive performance in
both visual understanding and generation. Qualitative evalua-
tion of our model shows that MetaMorph can leverage world
knowledge and reasoning abilities of the base LLM during
visual generation. For example, it can perform multimodal
tasks that typically require multiple-step reasoning, such as
generating images of specialized proper nouns (“Chhogori”)
or solving visual puzzles (“generate an image of the ani-
mal resulting from a monarch caterpillar’s metamorphosis”).
This indicates that LLMs already possess a degree of “prior”
visual knowledge which can be activated with only minimal
instruction tuning with VPiT. Overall, LLMs may have a
similar representation space as unified and multi-functional
models [25]. We hope these insights inspire more explo-
ration toward developing models for general intelligence.
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