LVM-Lite: Training Large Vision Models with Efficient Sequential Modeling

1. Appendix / supplemental material

Figure 1. Example of prompts in our metric-evaluation. We use a
single prompt containing one image pair to indicate a task.

1.1. Implementation details

Model configuration. In our experiments, we systemati-
cally explore four models whose configurations are listed in
Table 1. These models are based on a decoder-only archi-
tecture, specifically leveraging the Llama-2 framework [29],
chosen for its efficiency and adaptability to our framework.
Due to limited computation resources, our largest 3B model
adopted an advanced block-parallel transformer[17] to re-
duce memory requirements further. All of our experiments
are conducted on a 256-core TPU-v3. Our implementation
is based on JAX[3]

Table 1. Model architecture

model size ‘ hidden dim ‘ MLP dim ‘ heads ‘ layers

300M 1024 2688 8 22
600M 1536 4096 16 22
1B 2048 5504 16 22
3B 3200 8640 32 26
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Figure 2. COCO[16] evaluation.Red: the generated results. First
four rows: segmentation task. Second four rows: segmentation
to images. For all examples, we use three prompts that contain 6
images in total to indicate the task and one query mask/image.

Table 2. Hyperparameters for pre-training and fine-tuning.

hyperparameter ‘ single-image pre-training ‘ sequence fine-tuning
learning rate schedule linear warmup and cosine decay
weight decay 0.1

optimizer AdamW][ 18]

optimizer momentum B1 =0.9,82 =0.95

base learning rate 1.5e-4 1.5e-5
final learning rate 1.5e-5 1.5e-6
warmup steps 2000 0
total training steps 125112 15639
batch size 8192 512
context length 256 4096

1.2. Training and evaluation.

We also provide detailed pre-training and fine-tuning hy-
perparameters in Table 2. We use training hyperparameters
based on [2]. To enhance efficiency, we ensure that the total
number of processed tokens per iteration remains constant,
increasing the pre-training batch size by x16. For our eval-
uation, we utilize prompts to specify tasks in line with [2].
Instead of employing seven pairs of images, we discovered
that a single pair is adequate for task indication. These



Figure 3. ImageNet-1K[9] qualitative evaluation on validation set. Red: the generated results. For all examples, we use three prompts that
contain 6 images in total to indicate the task and one query. We show edge detection, inpainting, semantic segmentation, relative depth

estimation, and colorization tasks.

prompts are illustrated in Figure 1. Our approach allows us
to assess qualitative and quantitative results across different
tasks. We set the Top-K as 100 and the temperature as 1. For
the video prediction task. we sample 16 frames from the orig-
inal video to be the ground truth and use the first 5 frames as
prompt. We ask the model to generate the rest 11 frames. For
ImageNet-1K[9] generation, we evaluate our model on the
validation set. We randomly sample one of the training set
prompts and use the same prompt for all validation images.
We use [28] to infer the edges map, mask2former[6] to gener-
ate semantic masks, and depth-anything[32] to predict depth
map. For ADE20K[34] and Cityscapes[7] generation task,

we use ground truth segmentation map to be the condition.
For each task, we first adjust the image size to 256 x 256
using bilinear interpolation and apply the nearest neighbor
interpolation method to resize the masks.

1.3. Datasets

Here, we present in detail how we construct our datasets.
For training, we mainly follow LVM[2] to construct our
datasets; we pre-process most datasets listed in [2] in the
same manner. We list all datasets used in our experiments in
Table 3. We always keep 16 images for different tasks as the
length of image sequences. Thus, for video generation task,
we sample 16 frames from the original video. For image-



Figure 4. Other tasks’ qualitative evaluation set. Red: the generated results. For all examples, we use three prompts that contain 6 images in
total to indicate the task and one query. We show human pose estimation, object detection and style transfer tasks.

based tasks, we use 8 image pairs to form a single image
sequence. For evaluation, we show the details of datasets we
used in Table 4.

1.4. Additional Results

Our additional quality evaluation spans tasks on COCO[16],
ImageNet-1K[9], and VIPSeg[20] datasets shown in Fig-
ure 2,3,4 and 11. We demonstrate our model’s capability
on COCO in human pose estimation and object detection.
We utilize [4] for style transfer to showcase our approach’s
adaptability. On ImageNet-1K, we cover edge detection,
inpainting, semantic segmentation, relative depth estima-
tion, and colorization, illustrating the model’s versatility
across different image processing challenges. Additionally,
VIPSeg’s qualitative results are included, where the task in-
volves generating frames from 8 object masks, highlighting
our model’s proficiency in image synthesis.

Long-video Generation. We enhance LVM-Lite’s capabil-
ity to generate longer videos by fine-tuning it with the SS-V2
dataset to process 64 frames after 1500 iterations. We high-
light the proficiency of LVM-Lite to generate high-quality,
extended sequences sequences in Figure 12.

1.5. Reproducing Evaluation of LVM’s Official
Checkpoint

We conducted a thorough evaluation of the LVM official
checkpoint ' to compare its performance against our LVM-
Lite model. The results highlight the limitations of LVM in
discriminative tasks. For example, LVM-7B achieved only
1.9 mIoU on ADE20K [34] and 0.1 mIoU on Cityscapes [7].
In contrast, our LVM-Lite-300M model achieved 2.3 mloU
on ADE20K and 10.1 mloU on Cityscapes, showcasing
improved segmentation capabilities with a much smaller
model.

Upon closer examination of LVM’s results as shown in
Figure 5, we observed that while the segmentation outputs
appear visually similar to the ground truth due to close color
matches, the generated classes are often incorrect. This
suggests that while the segmentation process itself may be
adequate, the model struggles significantly with object recog-
nition, resulting in mismatches between the predicted and
actual classes.

Second, the choice of tokenizer plays a critical role in
determining the oracle’s performance. A more effective
tokenizer could potentially improve the model’s ability to
distinguish between classes and enhance segmentation qual-
ity.

Our work focuses on improving training efficiency and
analyzing LVM’s behavior. By decoupling the training pro-
cess into pre-training and fine-tuning stages, we can study

Ihttps://huggingface.co/Emma02/LVM_ckpts



dataset

| task type

Table 3. Full training dataset. We follow LVM][2] to construct datasets but divide them into generative and discriminative tasks.

| annotation source

random image sequence

DataComp-1B[10]

‘ inpainting

‘ ground truth

natural sequence

UCF101 [27]

HMDB [14]

Moments in Time [21]
Multi-moments in Time [22]
Co3D [24]

Charades v1 [25]
Something-something v2 [12]
Kinetics 700 [5]

Jester [19]

MultiSports [15]
CharadesEgo [26]

AVA [23]

Ego4D [13]

Objaverse [8] Rendered Multiviews

video generation

ground truth

generative sequence

ImageNet-1K [9]

COCO [16]

ADE 20K [35], Cityscapes [7]
Subset of InstructPix2Pix [11]
Charades V1 [26]

image to image
segmentation map[6] to image
depth map [32] to image
edge map [28] to image
inpainting
colorization
instance segmentation to image
segmentation map to image
style transfer
segmentation map[6] to video

ground truth

VIPSeg [20] panoptic segmentation to video
Co3D [24] object mask to video
Co3D [24] depth to video
discriminative sequence
COCO [16] object detection -

ADE20K [35], Cityscapes [7]
ImageNet-1K [9]

COCO [16]

COCO [16], ImageNet-1K [9]
COCO [16], ImageNet-1K [9]
SIDD [1]

LOL[30]

VIPSeg [20]

VOS [31]

Co3D [24]

Co3D [24]

semantic segmentation
semantic segmentation
human pose
depth map image
edge detection
denoised image
light-enhanced image
video panoptic segmentation
video object segmentation
video object segmentation
video object segmentation

ground truth
Mask2Former [6]
ground truth
Depth-anything [32]
DexiNed [28]
ground truth
ground truth
ground truth
ground truth
ground truth
ground truth

LVM’s capabilities in a cost-effective and meaningful man-
ner. Our findings indicate that while LVM performs well
in generative tasks and demonstrates scalability in video
and conditional image generation, further development is
required to achieve reasonable performance in discriminative
tasks such as semantic segmentation.

1.6. Comparison on More Discriminative Tasks

Through previous analysis, we find the quantitative results
are not comparable. We show a qualitative comparison with
the official LVM, such as edge detection and depth estima-
tion on ImageNet-1K (IN-1K); our LVM-Lite model demon-
strates competitive performance as shown in Figure 6,7,9,8
and 10, especially considering its lightweight architecture.

In LVM’s instruction tuning setting, all labels on ImageNet-
1K are generated, making quantitative analysis for this task
challenging. Therefore, we compare the quality of the two
models based on their default outputs.

1.7. Comparison on More Generative Tasks

For generative tasks, such as video prediction (UCF-101)
and image synthesis (ADE20K-G and Cityscapes-G), our
LVM-Lite model achieves competitive FID and FVD scores
compared to LVM, especially with significantly reduced
model size.



Figure 5. Evaluation of LVM [2] on ADE20K [34]. Left: query
image. Middle: model prediction. Right: ground truth. Although
the qualitative segmentation mask seems reasonable, compared
with ground truth, class-mismatching and pixel shift problems
resulting in the mloU are pretty low.

Table 4. Evaluation datasets and metrics used for comparison for
Table 4.

dataset | split&number of samples |  metric
frame prediction

UCF101 [27] test & 3783 FVD&IS

Something-something v2 [12] validation & 24777 FVD

Kinetics 600 [5] validation & 31593 FVD
image synthesis

ImageNet-1K [9] validation & 50000 FID

ADE20K [35] validation & 2000 FID

Cityscapes [7] validation & 500 FID

semantic segmentation
ADE20K [35] validation & 2000 mIOU&FID
Cityscapes [7] validation & 500 mIOU&FID

Video generation For video generation, we follow the
common practice [33] to use the first five frames as a condi-
tion (prompt) to ask the model to generate the remaining 11
frames. The generation speed is LVM-7B is 3 mins per video

LVM-
Lite-3B

Lite-3B

Figure 6. Comparison on edge detection. We noticed that our
model uses different data pre-processing strategies to generate edge
maps. Red rectangle: the generated results.
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Figure 7. Comparison on inpainting task. Follow LVM [2] we
use partially masked image-to-image Red rectangle: the generated
results.

on a single A5000 GPU, while for a 3B model, the speed can
be 0.5 mins per video. We compare both quantitatively and
qualitatively. Our 3B model achieves nearly twice the FID
score of the official LVM-7B model, demonstrating superior
generative quality.

Upon closer inspection of the generated videos, as shown
in Figure 13 and 14, we made a surprising observation: de-
spite being smaller, our model is capable of generating fully
consistent videos, whereas the LVM-7B model struggles
with maintaining temporal consistency. Severe hallucina-
tion issues are evident in LVM-7B, with only the initial few
frames adhering to the provided instructions, while subse-
quent frames deviate significantly.
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Figure 8. Comparison on segmentation task on IN-1K. Red rectan-
gle: the generated results.
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Figure 9. Comparison on colorization task on IN-1K. Red rectangle:
the generated results.
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Figure 10. Comparison on depth estimation task on IN-1K. Red
rectangle: the generated results.

Segmentation-mask to Image . Given that our image se-
quences include both segmentation masks and natural image
masks and are inspired by the scalable generative capabil-
ities of LVM-Lite, we evaluated the model’s conditional
image generation ability. This was done by providing a pair
of prompts—a segmentation mask and its corresponding
image—along with a query mask and asking the model to
generate the corresponding image.

Quantitative results are presented in Table 2 in the main
text, clearly demonstrating that our LVM-Lite-3B model
achieves superior FID scores, highlighting its strong genera-
tive capabilities. Quantitative results are presented in Table 2

in the main text, clearly demonstrating that our LVM-Lite-3B
model achieves superior FID scores, highlighting its strong
generative capabilities. We suspect that the poor generative
performance of the LVM-7B model stems from the absence
of task-specific instruction data in its training dataset. In con-
trast, our two-stage training approach allows us to efficiently
construct diverse visual instruction datasets with minimal
training effort, enabling significantly improved generative
performance. Qualitative results shown in Figure 15 reveal
that on ADE20K, our model also struggles to infer objects
accurately from semantic segmentation masks. This observa-
tion aligns with our segmentation task findings, highlighting
our model’s current limitations in recognizing object classes.

1.8. Qualitative Analysis

Visual examples of segmentation and generation tasks

demonstrate that single-image pre-training enhances the

model’s ability to generalize and adapt across various

datasets and conditions.

* Improved segmentation results are visually apparent after
single-image pre-training.

* Enhanced diversity and fidelity in generative outputs.

1.9. Limitation and Broader Impacts

As discussed in Section 3, while our model shows excellent
scalability, high-quality generation capabilities, and general
task awareness, its performance on discriminative tasks, such
as semantic segmentation, remains significantly lower com-
pared to current state-of-the-art in-domain models. This
modest segmentation performance may be partly due to the
noise introduced during the tokenization of segmentation
labels—performance remains substantially lower even with
reconstruction from ground truth tokens. Additionally, the
lack of pixel-to-pixel supervision, commonly used in super-
vised specialist models, further compounds the issue, as it is
not employed in next-token prediction within LVM. Address-
ing this issue is beyond our current scope, as our focus is on
efficiency and providing a comprehensive study on training
effective LVM. We plan to leave this as future work.

Since this paper focuses on democratizing the training
burden of current large vision models, we believe that mi-
grating the training difficulty can help researchers reduce
their research cycles and dedicate more efforts to developing
robust novel methods. However, this paper’s potential nega-
tive social impact is that our generative model might produce
content using harmful or privacy-concerning training data
that may be overlooked. To mitigate this, we will rigorously
test our model and consider implementing gated access for
safety concerns.
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