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Large Vision Models (LVMs) have demonstrated impres-
sive capabilities by leveraging large-scale generative pre-
training on visual sequences. However, training these mod-
els on massive datasets of single images and image se-
quences can be computationally expensive and limit their
accessibility to researchers without substantial computa-
tional resources. This paper introduces LVM-Lite, a new
two-stage learning pipeline for more efficient and effective
LVM training. In the first stage, the model is pre-trained
on a large corpus of single images. Subsequently, in the
second stage, the model is fine-tuned on curated long im-
age/video sequences. This decoupled training approach sub-
stantially accelerates the training process, achieving up to
2.7x speedup compared to baseline LVM training. Extensive
experiments demonstrate that LVM-Lite achieves competi-
tive performance on various generative and discriminative
benchmarks while maintaining high training efficiency and
strong scalability. hitps://github.com/UCSC-VLAA/LVM-
Lite

1. Introduction

The scaling of models in both natural language processing
(NLP) [16, 52] and computer vision [25, 41] has led to signif-
icant advancements. In NLP, large language models (LLMs)
such as GPT [5] have revolutionized the field, demonstrating
the power of pre-trained models in understanding and gen-
erating texts through in-context learning. Similarly, in com-
puter vision, scalable methods such as CLIP [41], masked
image modeling [25], and diffusion models [17] have pushed
the boundaries of image understanding and synthesis. Re-
cently, the application of autoregressive pre-training strate-
gies in vision [2, 18, 20, 44, 60, 61, 63], inspired by the
success of the LLMs, has shown promising progress. This
scaling up across domains underscores the models’ ongo-
ing evolution and potential to address increasingly complex
tasks by learning from vast amounts of data.

| Stage2: image-sequence fine-tuning  Natural Sequence
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Figure 1. Overview of the proposed stage-wise training in LVM-
Lite. Training process begins with the use of single-image tokens
with a reduced token length, followed by short fine-tuning on mean-
ingful visual sequences. Once trained, LVM-Lite can adapt to
various vision tasks through in-context generation.

Nonetheless, the remarkable performance of these ad-
vanced models often comes with high computational costs,
limiting access for researchers without substantial computa-
tional resources. For instance, training the LLaMA model
[52] requires up to 2,000 GPUs and 1.7 million GPU hours.
This paper focuses on efficient sequential modeling in the
context of the recently developed Large Vision Models
(LVMs) [2], which have shown impressive scalability and
proficiency in in-context learning for visual tasks. The suc-
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cess of LVM largely stems from the scale of the model and
more crucially the extensive scale of data, encompassing
a vast array of random image sequences, video sequences,
and image/video-annotation pairs. Notably, random image
sequences, comprising 90% of the total dataset tokens and
constructed by concatenating single, weakly related or even
unrelated image tokens, consume the most computation. Due
to the quadratic complexity of self-attention w.rz. the token
length, training these random images as a unified sequence
incurs higher computational costs compared to training them
as independent single images. Additionally, these random
image sequences, unlike natural language sequences, may
harbor higher noise for next-token prediction.

Motivated by these observations, we develop a two-stage
training pipeline for efficient and scalable visual sequen-
tial modeling. Illustrated in Figure 1, our approach begins
with dedicated pre-training on single images, followed by
fine-tuning on carefully curated long image/video sequences.
This decoupling allows us to efficiently scale up the model
in pre-training, further enabling flexible task adaptation in
fine-tuning. We name this framework Large Vision Model
Lite (LVM-Lite). Comprehensive experiments showcase its
high training efficiency and strong in-context generation ca-
pabilities, e.g., we can attain up to 2.7 training speed gains
without compromising performance. Indeed, LVM-Lite sur-
passes LVM [2] across various benchmarks and achieves
comparable performance to specifically-trained models on
generative tasks, including image and video generation, with-
out the need for task-specific training.

2. Related Works

Pre-trained Vision Models. Before the advent of LLMs,
pre-trained vision models serve as improved feature extrac-
tors for downstream tasks like image classification [51],
object detection[43] and semantic segmentation[11]. Self-
supervised learning [9, 10, 24] share the same goal, and
recently proposed masked auto-encoder based methods [25]
showcase outstanding scaling ability of vision transform-
ers. Natural language supervision [27, 30, 41] is an effective
scaling-up method for various vision downstream tasks. Con-
trary to approaches that offer merely a vision backbone, our
work develops a vision generalist akin to LLMs, designed to
undertake downstream tasks without extensive fine-tuning.

Visual in-context Learning. Language models, exempli-
fied by GPT-3 [5], have excelled in in-context learning. Sim-
ilarly, vision-language models [1, 29, 33] demonstrate this
capability leveraging vast datasets. Close to another trend
of visual prompting techniques [3, 56, 57], our work further
enhances the performance by utilizing visual cues to guide
learning and task interpretation. We emphasize the potential
of large-scale training to enable in-context learning ability.
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3. Revisiting LVM Training

Pre-tokenization and training. LVM utilizes a VQ-GAN
model[19], comprising an encoder E to map input images
into a latent space and a decoder G for reconstruction from
the latent representation. LVM pre-tokenizes each image
x € REXWXCinto a latent representation 2 = E(x), where
e REWXD g = Hoand W' = W Subsequently,
the quantization module ¢ quantizes each spatial code Z;;
at position (i, 7) in the feature map to its nearest codebook
entry to form the tokens z, using the following formula:

( )

where k indexes entries within the codebook Z. We flatten
zqg € RH W' into 1D dimension, tokenizing each image
into S = H' x W’ tokens. Thus a visual sequence compris-
ing N images has a total sequence length of L = N x S,
denoted as Z = {z,,, 2g,, ..., 24, }- A decoder-only trans-
former is trained to predict each token in Z given all preced-
ing tokens, with an autoregressive loss:

argmin ||2;; — 2|
ZLEZ

2q = q(2)

L—1
L= Z 108 P(24,411%q1.m)
m=1
which considers the entire image sequence Z, rather than
individual images or smaller segments.

Generation. After training, the model generates new to-
kens by sampling from the probability distribution of the
next token, modulated by a temperature parameter 1. Ad-
ditionally, we employ a top-K sampling strategy to restrict
the selection of the next token to the & most probable op-
tions predicted by the model. The predicted token sequence
Zg = {2g,,%gy, -, 2g, } is then passed through VQ-GAN’s
decoder G to reconstruct the image.

T =G(Zg)

The length n of generated tokens Zg controls the number of
generated images.

Training configuration. Following the setup in previous
work [8], the VQ-GAN model is trained on LAION-2B [46]
with a codebook of 8192 entries. Our decoder-only trans-
former is based on the LLaMA model [52]. Each image is
represented as a sequence of S = 256 discrete tokens. A
visual sequence is constructed from N = 16 randomly sam-
pled images for training. This forms our standard training
protocol with a total sequence length of L = 4096.

4. Large Vision Model Lite

The core of LVM-Lite is a two-stage training framework en-
compassing single-image pre-training followed by sequence
fine-tuning to speed up LVM training.



4.1. Single-image Pre-training

From a detailed profiling of LVM [2] training, most train-
ing efforts are spent on single-image datasets like LAION,
where 16 random images form a visual sequence. These
random sequences take a substantial amount of compute and
carry more noise compared to natural visual sequences (e.g.,
videos). Therefore, we explore the feasibility of training
on individual images from single-image datasets with re-
duced context length L, followed by fine-tuning on curated
or natural image sequences.

Specifically, we reduce the number of images from N =
16 to N = 1 and the sequence length from L = 4096 to
L = 256 in the single-image pre-training stage. With the
same training objective, the model now predicts the next
token using only preceding tokens from the same image.
This strategy significantly decreases model FLOPs, reducing
attention complexity from O(N?252) to O(S?). For instance,
the model’s FLOPs in our largest 3B model can be reduced
by a substantial factor (19.4 x, from 33 to 1.7 TFLOPs).

In practice, we keep the total number of training tokens
the same as in LVM. We evaluate the effectiveness of this
two-stage approach with model performance on downstream
tasks after the second-stage fine-tuning. As detailed in Ta-
ble 4, this approach largely accelerates training with compa-
rable performance to LVM. Our largest 3B model is ~ 2.1x
faster than the baseline (62k vs.130k in TPU-v3 core hours).

4.2. Image-Sequence Fine-tuning

LVM [2] establishes the significance of sequence data from

videos, images with annotations, and videos with annota-

tions. We curate our sequence dataset similarly into three
categories for fine-tuning (also visually shown in the bottom

left of Figure 1):

* Natural Sequence: This category primarily comprises
video frames and diverse existing datasets [7, 13, 22, 23,
28, 31, 34, 36-38, 40, 42, 47, 49], along with 3D image
data [14]. We generate sequences of 16 frames by random
sampling.

* Discriminative Sequence: We utilize human-labeled im-
age datasets such as Cityscapes [12], ADE20K [64],
COCO [32], and video datasets like Co3D [42],
ViPSeg [35], VOS [58]. Following LVM [2], we also
employ models [11, 50, 59] to generate pseudo labels on
ImageNet-1K [15]. Discriminative sequences are formed
by repeated sampling of “image, annotation” pairs eight
times to align with the context length.

* Generative Sequence: We invert the order of pairs in the
discriminative sequence to “annotation, image” and repeat
sampling 8 times to construct generative sequences.

4.3. In-context Evaluation

LVM-Lite performs in-context generation by structuring the
input sequence as “prompt, query”. The prompts consist of

images of questions and answers to allude to the task (e.g.,
“image, segmentation map” for the semantic segmentation
task). The model generates contents based on the query
image.

For video generation, the visual prompt consists of the
first five frames sampled from a video, adhering to the com-
mon practice in video prediction tasks [48, 62]. We then
prompt the model to generate the subsequent 11 frames,
sampling one clip from each video for evaluation. For image
generation, we use “annotation, image” pair to specify the
task, such as “segmentation map, image” for segmentation-
to-image generation. Similar inputs apply to edge-map-to-
image and depth-map-to-image generation. For image un-
derstanding, we evaluate on widely recognized semantic
segmentation benchmarks with “image, segmentation map”
prompt. The segmentation map is generated by applying
KNN within a predefined color map [56] aligned with offi-
cial sources [12, 64].

5. Experiments
5.1. Main Results

We demonstrate the effectiveness of LVM-Lite on various
generative and discriminative benchmarks, including video
generation, image generation, and image understanding.

Data. Following LVM [2], we utilize large-scale
DataComp-1B [21] dataset for single-image pre-training and
three types of visual sequences for fine-tuning, including nat-
ural visual sequences (e.g., videos and 3D images), discrim-
inative sequences and generative sequences (see details in
Appendix). We preprocess single-image data into 256 tokens
and visual sequence data (16 frames or 8 image-annotation
pairs) into 4096 tokens with a pre-trained tokenizer and train
the model once on all data.

Training and Evaluation. Following LVM [2]’s computa-
tion setting, we pre-train our model on ~300B tokens from
images in Datacomp-1B; this is equivalent to ~900 training
epochs on ImageNet-1K [15]. The fine-tuning phase uses
96B tokens (~300 ImageNet-1K epochs). Batch sizes of
8192 and 512 are used for context lengths of 256 and 4096,
respectively. We use the AdamW optimizer with a base
learning rate of 1.5e-4, tapering to an end learning rate of
1.5e-5. The learning rate for fine-tuning starts at 1.5e-5 and
ends at 1.5e-6.

We conduct in-context evaluation following the settings
in Section 4.3. For video generation capabilities, we evaluate
on UCF-101 [49], Something-Something V2 (SS-V2) [22]
and Kinetics-600 (K600) [6]. Frame prediction performance
is measured with the 16-frame FVD [54] and IS metric,
leveraging a C3D model [53] on UCF-101. For image
generation, we evaluate conditional image generation on
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Figure 2. Video generation on K600. We generate high-fidelity videos with resolutions of 16 x 256 x 256 using LVM-Lite-300M (top two
rows) and LVM-Lite-3B (bottom two rows).
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Figure 3. Video generation on SS-V2. LVM-Lite generates videos with high temporal consistency.

ImageNet-1K [15] and ADE-20K [64]. Performance is maps from depthanything [59], segmentation maps from
assessed using FID [39] and IS [45] following the ADM mask2former [11], and edge maps from DexiNed [50]. We
protocol [17]. Prompts and queries include relative depth evaluate semantic segmentation performance for image un-
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edge->image: depth->image: seg->image:

Figure 4. Image generation on ImageNet-1K. Top: 300M model.
Bottom: 3B model. Our models can produce high-quality images
across various modalities without fine-tuning on specific datasets.

Model |  UCF-101 | SS-v2 | K600
| FVD-16f | | IS1 | FVD-16f | | FVD-16f |

CogVideo*[26] 626.0 50.5 - 109.2
MAGVIT*[62] 76.0 89.3 31.4 9.9
LVM-lite-300M 2522 33.7 172.1 193.1
LVM:-lite-1B 222.7 34.9 165.3 180.9

LVM-lite-3B 188.2 33.8 138.9 166.3

Ground truthrec. | 1190 | 359 | 841 | 986

Table 1. Comparison on video generation. We generated videos
at 16 x 256 x 256 resolution given the first 5S-frames as prompts
following [62] and computed FVD with ground truth. *The UCF-
101 results are class-conditional [26, 62].

derstanding on ADE-20K and Cityscapes [12]. Performance
is measured with mIOU and FID between ground truth and
generated masks.

Implementation Details. Our models are trained using
TPU-v3 pods on Google Cloud. Our largest model, LVM-
Lite-3B, completes training in ~10 days on a v3-256 TPU
pod. In comparison, LVM-3B[2] requires 14 days to train
on a more extensive v3-512 TPU pod. Please see Appendix
for complete implementation details on model architecture,
training, evaluation and datasets.

Video Generation. As presented in Table 1, LVM-Lite
demonstrates impressive video generation capabilities and
remarkable scalability from 300M to 3B parameters, with
the FVD score decreasing from 252 to 188 on UCF-101. We
achieve comparable performance to CogVideo [26] with
a much smaller model size. Compared to MagVit[62],
LVM-Lite attains superior training efficiency with only 900
ImageNet-1K epochs, whereas MagVit requires fine-tuning
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Model | ADE20K-D | City.-D

| mIOU 1 | FID | | mIOU 1
Mask2Former[11] 57.7 - 83.3
Painter[56] 49.9 - N/A
LVM-7B[2] 1.8 - 0.1
LVM-lite-300M 23 2667 | 90
LVM-lite-1B 09 | 2339 | 89
LVM-lite-3B 0.7 92.8 | 103
Ground truthrec. | 352 | 938 | 586

Table 2. Comparison on image understanding. We evaluate the
image semantic segmentation task.

computation equivalent to ~4000 ImageNet-1K epochs. No-
tably, our model handles a broader range of tasks without
additional task-specific fine-tuning. As depicted in the qual-
itative results from Figures 2 and 3, LVM-Lite produces
higher resolution frames than previous efforts [48, 62] and
generates actions with high fidelity for motion-centric data
in SS-V2.

Image Generation and Understanding. As presented in
Table 3 and Figure 4, LVM-Lite achieves comparable per-
formance with specialist models on image generation while
using only a single training cycle. On ImageNet-1K, LVM-
Lite generates realistic images from segmentation masks,
edge maps, and depth maps. Model scaling also greatly
enhances image generation, especially on ImageNet-1K,
with LVM-Lite-3B outperforming LVM-Lite-300M by 23.0-
28.6 in FID. Nonetheless, LVM-Lite faces challenges with
image understanding as shown in Table 2, yielding lower
mlIOU compared with segmentation specialists. This mod-
est segmentation performance might be partly attributed to
the noise introduced in the tokenization of segmentation
labels—performance is substantially lower even with recon-
struction from ground truth tokens. This is compounded by
the lack of pixel-to-pixel supervision, which is widely used
in supervised specialists but not in next-token predictions in
LVM.

Comparison with LVM-7B  We conduct a thorough evalu-
ation of the LVM official checkpoint ' to compare its perfor-
mance against LVM-Lite. On discriminative tasks such as
semantic segmentation, we observe that the LVM-7B model
struggles to produce accurate semantic segmentation outputs,
despite its appearingly reasonable visualizations. For genera-
tive tasks such as video prediction, we evaluate the LVM-7B
model on a subset of the UCF-101 test split containing 256
videos due to the model’s heavy computational requirements.

Ihtt ps://huggingface.co/Emma02/LVM_ckpts



Model

ImageNet-1K

| ADE20K-G | City.-G

| FID | | IS 1 | FID| | FID|

Pix2PixHD[55] N/A 73.3 104.7
DP-SIMS[4] N/A 22.7 38.2
VQ-GAN[19] 5.2 | 280.3 33.5 N/A
LVM-7B[2] N/A 106.8 276.7

synthesis condition ‘ seg. ‘ depth ‘ edge seg.

LVM-lite-300M | 70.9 | 13.0 | 56.8 | 17.5 | 56.7 | 20.7 412 92.9
LVM-lite-1B 57.1 | 17.1 | 433 | 242 | 435 | 27.1 42.4 85.3
LVM:-lite-3B 423 | 24.1 | 319 | 33.7 | 33.7 | 35.6 39.7 84.1
Ground truth rec. | 8.0 | 338.0 | 204 | 722

Table 3. Comparison on conditional image generation. Image resolution is set to 256 x 256. Seg

depth map. Edge: edge map. N/A: not applicable.

.. segmentation mask. Depth: relative

model size ‘ random image seq. ‘ single image ‘ TFLOPs ‘ speedup* ‘ UCF-101 ‘ ADE20K-G ‘ ADE20K-D

| FvD-16f ) | ISt | FID) | mIOU? | FID|
v \ X 4.1 x1 2746 | 33.8 59.3 1.7 | 1035

300M
X v 0.2 x2.7 291.2 34.2 50.0 1.1 129.0
v \ X 7.9 x1 268.7 34.6 44.8 1.0 | 1294

600M
X v 0.4 x1.7 2742 34.0 48.9 19 | 1108
1B v \ X 12.8 x1 256.0 34.5 44.5 09 | 1366
X v 0.6 x1.8 262.8 34.1 44.8 17 | 108.0
v \ X 33.0 x1 2123 | 342 453 11| 1259

3B

X v 1.7 x2.1 2324 | 388 40.8 0.9 94.0
ground truth rec. ‘ ‘ 119.0 ‘ 359 ‘ 204 ‘ 352 ‘ 93.8

Table 4. Pre-training ablation. We compare pretraining on single images vs random image sequences on three benchmarks and report the
model forward TFLOPs under the batch size of 1. *We compare the total training wall clock time in core hours measured on 256 TPU-V3
with the same number of samples. Random image seq.: 16-random-image sequence pretraining. Singe image: single-image pretraining. We
also report VQ-GAN’s reconstruction performance using the ground truth as input.

On the same subset, our LVM-lite-3B model achieved a
superior FVD score of 402 compared to LVM-7B’s 789.
Additionally, we find that our LVM-lite outperforms the
LVM-7B model on both ADE20K and Cityscapes datasets,
despite being smaller in the model size and requiring less
training computation. We also provide additional qualitative
comparisons in the Appendix. As illustrated in Appendix
Figures 13 and 14, LVM-Lite delivers substantially better
video prediction results, particularly when tasked with gen-
erating longer sequences of frames. Furthermore, despite
reduced training computation, LVM-Lite’s qualitative result
is on par with LVM [2] as shown in Appendix Figures 6-10.
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5.2. Ablation Study

We extensively ablate LVM-Lite to showcase its training
efficiency and flexible task adaptation. We adopt the stan-
dard settings in Section 5.1 but reduce training budgets to
200-epoch pre-training and 100-epoch fine-tuning. We fol-
low the same procedure outlined in Section 5.1 to evaluate
video generation on UCF-101 [49] and image generation and
understanding on ADE-20K [64].

Single-image Pre-training. Decoupling single-image pre-
training from sequence fine-tuning is the core of LVM-Lite.
We first ablate the effect of pre-training on single images
vs random image sequences. As reported in Table 4, we



model size | fine-tuning datasets | UCF-101 | ADE20K-G | ADE20K-D
- ‘ natural seq. ‘ generative seq. ‘ discriminate seq. ‘ random seq. ‘ FVD-16f | ‘ ISt ‘ FID) ‘ mIOUT ‘ FID,|
v X X X 284.0 343 187.0 03 132.3
X v X X 4405 27.7 44.7 03 | 102.0
X X v X 842.9 15.2 120.0 1.3 116.0
300M X X X v 812.5 8.8 1472 01 | 1263
v v X X 299.2 342 46.1 0.5 117.7
v v v X 291.2 342 50.0 1.1 129.0
v v v v 372.6 37.8 75.7 0.5 91.8
ground truth rec. | - | 1190 [359| 204 | 352 | 938

Table 5. Fine-tuning ablation. We compare fine-tuning performance across different dataset combinations on a 300M model using the same

compute budget.

ADE20K-G

ADE20K-D

Figure 5. Qualitative results on fine-tuning ablation. Top two rows: fine-tuning on natural sequences. Mid two rows: fine-tuning on
generative sequences. Next two rows: fine-tuning on discriminative sequences. Bottom two rows: fine-tuning on all categories. Prompts
are not shown for image generation and segmentation. Red rec.: query frames, segmentation maps, or images.

observe a significant training acceleration, up to x2.7, by
pre-training on single images with reduced context length
(from 4096 to 256) without any loss in performance. No-
tably, TFLOPs can be significantly reduced up to x 20 with
the same number of training tokens. Our proposed training
method achieves performance comparable to pre-training
with random image sequences for the three tasks. Thus,
single-image pre-training is a good and efficient initializer
for downstream tasks. However, a slight decrease in perfor-
mance was noted in semantic segmentation, likely due to the
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lack of pixel-to-pixel supervision in next token prediction.

Sequence Fine-tuning. Next we ablate sequence fine-
tuning, exploring the effects of different fine-tuning datasets,
including natural sequences, discriminative sequences and
generative sequences on various tasks. As presented in Table
5, and Figure 5, models fine-tuned on a specific data category
excel in tasks related to that category. For example, models
fine-tuned on natural sequences perform best in video gen-
eration with subpar performance in image generation and



model size | pre-training | fine-tuning | UCF-101 | ADE20K-G | ADE20K-D
| | | FVD-16f | ISt | FID| | mIOU? | FID |
200 100 2912 | 342 50.0 1.1 129.0
400 100 290.4 | 337 53.5 1.7 105.1
300M 800 100 2759 | 333 49.6 1.8 107.3
800 200 263.8 | 344 44.2 14 | 119.1
800 300 2522 | 337 412 23 | 2667
300M 800 300 2522 | 337 412 23 | 2667
1B 800 300 2227 | 349 424 09 | 2339
3B 800 300 1882 | 33.8 39.7 0.7 92.8
ground truth rec. | - | - | 1190 [359] 204 | 352 | 938

Table 6. Model & schedule scaling. We adopt the strategy of equating seen images to the number of training epochs with ImageNet-1K [15]
images to set controllable training budgets. With the training budget fixed, we scale the model size across three scales.

Prompt:

el = o N
E—

Query:

Top-K: 10 Top-K: 512 Top-K: 2048

Figure 6. Evaluation hyper-parameters. The influence of temper-
ature (T, from 0.1 to 0.9), Top-K (from 10 to 8§192), and the number
of prompts (Num. from 1 to 6) on the evaluation performance.

understanding. Default fine-tuning across all three categories
emerges as a versatile solution capable of effectively address-
ing both generative and discriminative tasks. In particular,
we note that the inclusion of random image sequences dur-
ing fine-tuning significantly degrades performance across all
tasks, reinforcing that random image sequences introduce
noise with a detrimental effect on training.

Scalability. First, we establish the schedule scalability of
LVM-Lite. As illustrated in Table 6, increasing pre-training
epochs enhances downstream task performance. 800-epoch
pre-training significantly augments video generation perfor-
mance compared to 200-epoch pre-training (291.2 vs. 275.9).
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Extending fine-tuning schedule from 100 to 300 epochs also
improves performance further by 23.7. Next, we demonstrate
the model scalability of LVM-Lite. As presented in Table
6 and Figures 2 and 4, a 3B model markedly outperforms a
300M model on video and image generation. For instance,
LVM-Lite-3B surpasses LVM-Lite-300M by 64 on the FVD
score on UCF-101. Scaling benefits video generation more
than image understanding, likely due to the decoder-only ar-
chitecture being more effective and the VQ-GAN appearing
better suited for generation tasks.

Evaluation parameters We examine the impact of vary-
ing three key parameters for evaluation: the number of
prompts from 1 to 6, the top-k range from 100 to 8192,
and the temperature from 0.1 to 0.9. We focus on the con-
ditional image generation task on ADE20K. As shown in
Figure 6, these parameters are crucial for modulating the
diversity and creativity of the generated outputs. Aligned
with observations in LLMs, a lower temperature and top-k
setting produces more coherent results, while a higher tem-
perature and top-k encourage greater creativity and novelty
in the generative process. We also find that generated images
are more realistic as the number of prompts increases.

6. Conclusion

Generative pre-training has inspired innovations in visual
understanding through large-scale pre-training on visual se-
quences. Our work introduces a novel two-phase decoupled
learning approach, enhancing training efficiency without
sacrificing performance. Our proposed LVM-Lite excels
in video prediction and conditional image/video generation,
demonstrating comparable performance to specialist models.
We show that our LVM-Lite can successfully speed up the
whole training process and demonstrate strong scalability.
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