
Appendix

A Reproducibility statement

To facilitate complete reproducibility and transparency of our work, we publicly release all
model weights, training code, and datasets used in developing SmolVLM. Additionally, we
provide a fully functional phone application showcasing real-time multimodal inference
directly on-device, demonstrating practical, real-world usability on use cases such as assis-
tive aid for low-vision users. We will provide links upon acceptance of the paper to avoid
interfering with the double-blind review process.

Furthermore, we pushed our evaluation code to established open-source repositories and
leaderboards (such as OpenCompass (Duan et al., 2024)), enabling easy comparison, valida-
tion, and replication by the broader research community. Wherever possible, performance
metrics for comparative models cited in this paper were obtained directly from these open-
source evaluation platforms. Through these comprehensive efforts, we aim to set a high
standard for reproducibility and encourage continued community-driven benchmarking
and innovation in efficient multimodal models.

B Implementation Details

SmolVLM is trained in four successive stages:

1. Alignment — tune only the vision-projection MLP and LoRA adapters on 4M
image–text pairs.

2. Pre-training — unfreeze the full model and train it to 20M high-quality images.

3. Single-image SFT — Training full model on 13.5M image SFT.

4. Image & Video SFT Training full modal on a mixture of text, image, multiimage
and video

All stages use AdamW (β1=0.9, β2=0.95), linear warm-up, cosine decay, bf16, and gradient
clipping at 1.0. The key hyperparameters for each stage and model size (256 M, 500 M, 2.2
B) are summarized in Table 2.

Alignment Pretraining SFT

Single-Image Image+Video

V
is

io
n Resolution 512/384 512/384×{{1×1}, · · · , {6×6}} 512/384×{{1×1}, · · · , {6×6}} 512/384×{{1×1}, · · · , {6×6}}

#Tokens 64/81 Max 64/81×17 Max 81×17 Max 64/81×17

D
at

a Dataset Images High-quality Images Instructional Images Multi-Image & Video
#Samples 4M 20M 13.5M 3M

M
od

el

Trainable MLP+LoRA (all) Full Model Full Model Full Model
256M LLM ≈0.9M 256M 256M 256M
500M LLM ≈1.8M 500M 500M 500M
2.2B LLM ≈7.5M 2.2B 2.2B 2.2B

Tr
ai

ni
ng

Batch Size 1024 2048 8192 512
LR: ψvision 1 × 10−4 1 × 10−5 1 × 10−5 5 × 10−6

LR: {θproj, } 1 × 10−3 1 × 10−5 1 × 10−5 1 × 10−4

LR: {ϕLLM} 1 × 10−3 1 × 10−5 1 × 10−5 2 × 10−5

Epochs 1 1 1 1

Table 2: Detailed configuration for each training stage of **SmolVLM** across three
model sizes (256M, 500M, 2.2B). Stage-1 fine-tunes only lightweight MLP heads plus
LoRA adapters; subsequent stages train the full network. Vision hyper-parameters re-
flect SmolVLM’s high-compression encoder (81 tokens per 384×384 image). Values derive
from the public configs: tr 341 smolvlm 025b 1st stage, tr 345 vsmollm2 256M 2nd stage,
and tr 346 vsmollm2 256M 3rd stage. OneVision settings mirror the single-image curricu-
lum except for multi-image/video inputs, kept unchanged for now.
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C Related Work

C.1 First-Generation Vision-Language Models

Early multimodal models achieved significant progress primarily through scaling parame-
ters, but their substantial computational and memory requirements limited practical deploy-
ment. Flamingo (Alayrac et al., 2022b), an 80B-parameter Vision-Language Model (VLM)
from DeepMind, combined a frozen 70B-parameter language model (Chinchilla (Hoff-
mann et al., 2022)) with a vision encoder using gated cross-attention layers and a Perceiver
Resampler (Jaegle et al., 2021) to efficiently compress images and videos into fewer to-
kens. Flamingo demonstrated state-of-the-art few-shot capabilities without task-specific
fine-tuning, though its enormous size posed severe challenges for real-world applications.

Hugging Face’s Idefics (Laurençon et al., 2023) adopted Flamingo’s architecture, offering
models at both 9B and 80B parameters, further exemplifying the approach of large-scale mul-
timodal training. In contrast, BLIP-2 (Li et al., 2023a) proposed a more parameter-efficient,
modular design by freezing both the vision encoder and language model, introducing
instead a lightweight Query Transformer (Q-Former) that translates visual features into
language-compatible tokens. This approach significantly reduced trainable parameters,
surpassing Flamingo’s performance on VQA tasks (Antol et al., 2015; Goyal et al., 2017) with
roughly 54 times fewer trainable parameters, thus paving the way toward more efficient
multimodal architectures.

Similarly, LLaVA (Large Language-and-Vision Assistant) (Liu et al., 2023) connected a
pretrained CLIP (Radford et al., 2021) ViT image encoder to a LLaMA/Vicuna language
backbone (Touvron et al., 2023; Zheng et al., 2024), fine-tuning the combined model on
instruction-following datasets. Resulting in a 13B-parameter multimodal chatbot with GPT-
4V-like capabilities (Achiam et al., 2023), LLaVA achieved notable visual conversational
performance. However, despite being smaller and faster than Flamingo, it still demands sub-
stantial GPU memory for real-time interaction and inherits the limitations of the underlying
language model’s context window (typically 2048 tokens).

Recent research has actively explored various design choices, training strategies,
and data configurations to enhance Vision-Language Models (VLMs). For instance,
Idefics2 (Laurençon et al., 2024) introduced architectural and training-data improvements
compared to its predecessor, advancing open-source VLM capabilities. Concurrently, Cam-
brian1 (Tong et al., 2024) examined fundamental design principles and scaling behaviors,
aiming for more efficient architectures. Projects like Eagle (Shi et al., 2024) and its successor
Eagle2 (Li et al., 2025b) have optimized specific architectural components, targeting im-
proved performance and efficiency. Additionally, recent efforts such as Apollo (Zohar et al.,
2024b) extend multimodal architectures from static images to video understanding, further
enriching the diversity of approaches.

C.2 Efficiency-Focused Vision-Language Models

Larger models, such as InternVL (Chen et al., 2024c;b) and Qwen-VL (Bai et al., 2023; 2025;
Wang et al., 2024), introduced architectural innovations for improved computational ef-
ficiency. InternVL aligns a 6B-parameter vision transformer (ViT) with an 8B-parameter
language ”middleware,” forming a 14B-parameter model that achieves state-of-the-art re-
sults across multiple vision and multimodal tasks. This balanced architecture narrows the
modality gap, enabling robust multimodal perception and generation capabilities. Similarly,
Qwen-VL integrates a Qwen language model with specialized visual modules, leveraging
captioned bounding-box data to enhance visual grounding and text recognition capabilities.
Despite its strong multilingual and multimodal performance, Qwen-VL generates excep-
tionally long token sequences for high-resolution inputs, increasing memory requirements.

On the smaller end, models like PaliGemma, Moondream2, and MiniCPM-V demonstrate
impressive multimodal capabilities within constrained parameter budgets. PaliGemma
(Team et al., 2024), with just 3B parameters (400M vision encoder from SigLIP-So (Zhai
et al., 2023) and 2B Gemma language model), effectively covers a wide range of multimodal

21



tasks, though its condensed visual interface can limit detailed visual analysis. Moondream2,
at merely 1.8B parameters, pairs SigLIP visual features with Microsoft’s Phi-1.5 language
model (Li et al., 2023b), showcasing competitive performance on tasks such as image
description, OCR, counting, and classification, ideal for edge and mobile applications.
MiniCPM-V (Hu et al., 2024), specifically designed for on-device scenarios, integrates a
400M vision encoder and a 7.5B language model via a perceiver-style adapter. This compact
model notably achieves GPT-4V-level performance on selected benchmarks, occasionally
surpassing significantly larger models like GPT-4V and Google Gemini (Team et al., 2023).

Deepseek VL and Deepseek VL2 (Lu et al., 2024a; Wu et al., 2024b), spanning 2–7B and
4–27B parameters respectively, further illustrate the growing focus on efficient yet powerful
multimodal models suitable for resource-constrained environments. Collectively, these
models demonstrate the increasing feasibility of deploying effective, real-time multimodal
AI in practical scenarios.

C.3 Multimodal Tokenization and Compression Strategies

Efficient tokenization of visual data is central to reducing computational and memory
demands in Vision-Language Models (VLMs). Early naive approaches, encoding every
pixel or image patch as separate tokens, resulted in excessively long sequences—such
as 196 tokens for a typical 224×224 image at 16×16 resolution—incurring substantial
computational overhead. Recent methods have therefore introduced compression strategies
to minimize token count while retaining critical visual information.

A prevalent approach employs learned modules like Perceiver Resamplers (Jaegle et al.,
2021), as exemplified by Flamingo (Alayrac et al., 2022b), which compresses visual inputs
into a small set (e.g., 64) of latent tokens. Similarly, BLIP-2’s Q-Former (Li et al., 2023a)
drastically reduces visual input to approximately 32 query embeddings, substantially
shortening sequence lengths with minimal impact on general performance. However,
these aggressive compression strategies tend to reduce capabilities on tasks demanding
fine-grained visual detail, particularly Optical Character Recognition (OCR) (Singh et al.,
2019; Biten et al., 2019), motivating subsequent model refinements.

Spatial compression methods such as patch pooling or pixel shuffle have become increas-
ingly popular. InternVL v1.5 and Idefics3 (Chen et al., 2024c;b; Laurençon et al., 2023),
for example, replace learned resamplers with simple pixel-shuffle techniques, typically
employing a 2×2 compression that reduces token count by a factor of four. This approach
effectively maintains sufficient spatial granularity, crucial for OCR-intensive tasks.

Other models incorporate multi-scale representations or selective token dropping. For
instance, Qwen-VL-2 (Wang et al., 2024) utilizes convolutional and Transformer modules
to down-sample visual hidden states, managing large images or extended video inputs
effectively. Adaptive tokenization strategies, such as image tiling employed by models
like UReader and DocOwl, further enhance flexibility by segmenting images into smaller
sub-images encoded independently. This enables dynamic adjustment of token counts
according to task complexity and input detail, albeit at the expense of global context.

Practically, models select varying compromises: Flamingo and BLIP-2 prefer fixed, min-
imal tokens; InternVL and Idefics balance token count and detail preservation; whereas
PaliGemma and Moondream2 opt for highly compressed, single global embeddings. Bench-
mark analyses reveal the trade-offs clearly: excessively sparse tokens hinder detail-oriented
tasks such as DocVQA (Mathew et al., 2021), while overly dense tokens exponentially raise
memory demands. Surveys suggest optimal token counts around 100 or fewer, reserving
higher counts specifically for detail-sensitive tasks.

C.4 Video-Capable Vision-Language Models

Extending vision-language models (VLMs) from static images to dynamic videos intro-
duces additional complexities due to the temporal dimension, significantly increasing token
counts and computational demands. Early VLMs, such as Video-LLaVA (Lin et al., 2023a),
emphasize unified training on both image and video data. By aligning video frame features
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with static image representations, Video-LLaVA substantially enhanced performance, out-
performing earlier models such as Video-ChatGPT (Maaz et al., 2023) by notable margins
on benchmarks including MSRVTT (Xu et al., 2016), MSVD (Chen & Dolan, 2011), TGIF (Li
et al., 2016), and ActivityNet (Caba Heilbron et al., 2015).

Recent models have introduced innovative methods to handle long-form video content more
efficiently and effectively. For instance, Temporal Preference Optimization (TPO) (Li et al.,
2025a) employs self-training preference learning at multiple granularities—localized and
comprehensive temporal grounding—to enhance models’ ability to understand temporal
contexts, significantly improving performance on benchmarks like LongVideoBench, MLVU,
and Video-MME. The Oryx MLLM (Liu et al., 2024g) introduces a dynamic compressor
module and the adaptable OryxViT visual encoder, which adjusts visual token compression
dynamically, effectively balancing efficiency and precision across varying task requirements.

VideoLLaMA3 (Zhang et al., 2025) further pushes multimodal understanding by adapt-
ing its vision encoder to process varying image resolutions and utilizing a multi-task
fine-tuning strategy to enhance video comprehension capabilities significantly. In the con-
text of handling extensive video sequences, Video-XL (Shu et al., 2024) introduces Visual
Summarization Tokens (VST) to compress visual information effectively, employing cur-
riculum learning and dynamic compression strategies for efficient training and inference
on hour-scale videos. Similarly, Kangaroo (Liu et al., 2024b) addresses long-context video
inputs through a curriculum training approach, progressively scaling input resolution and
frame count, achieving state-of-the-art performance across diverse benchmarks. Lastly,
InternVideo2.5 (Wang et al., 2025) employs hierarchical token compression (HiCo) and
task preference optimization to facilitate efficient processing of longer videos and improve
specialized vision tasks such as object tracking and segmentation. Collectively, these ad-
vancements demonstrate significant progress in enabling VLMs to efficiently and effectively
understand complex video content across extensive temporal scales.

Apollo (Zohar et al., 2024b) further exemplifies efficiency-oriented video modeling, using
selective temporal sampling and token pooling strategies to handle hour-long videos ef-
fectively within modest parameter budgets. The Apollo family (1.5B, 3B, 7B parameters)
achieves remarkable results, with Apollo-3B surpassing most existing 7B models on bench-
marks like LongVideoBench, MLVU, and Video-MME (Wu et al., 2024a; Zhou et al., 2024;
Fu et al., 2024).
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Pierre Colombo. Colpali: Efficient document retrieval with vision language models. arXiv
preprint arXiv:2407.01449, 2024.

Chaoyou Fu, Yuhan Dai, Yondong Luo, Lei Li, Shuhuai Ren, Renrui Zhang, Zihan Wang,
Chenyu Zhou, Yunhang Shen, Mengdan Zhang, et al. Video-mme: The first-ever com-
prehensive evaluation benchmark of multi-modal llms in video analysis. arXiv preprint
arXiv:2405.21075, 2024.

Shaikat Galib, Shanshan Wang, Guanshuo Xu, Pascal Pfeiffer, Ryan Chesler, Mark Landry,
and Sri Satish Ambati. H2ovl-mississippi vision language models technical report, 2024.
URL https://arxiv.org/abs/2410.13611.

Philippe Gervais, Asya Fadeeva, and Andrii Maksai. Mathwriting: A dataset for handwrit-
ten mathematical expression recognition, 2024. URL https://arxiv.org/abs/2404.10690.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the
v in vqa matter: Elevating the role of image understanding in visual question answering.
In Proceedings of the IEEE conference on computer vision and pattern recognition, pp. 6904–6913,
2017.

Jarvis Guo, Tuney Zheng, Yuelin Bai, Bo Li, Yubo Wang, King Zhu, Yizhi Li, Graham
Neubig, Wenhu Chen, and Xiang Yue. Mammoth-vl: Eliciting multimodal reasoning with
instruction tuning at scale. 2024. URL https://arxiv.org/abs/2412.05237.

Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai,
Eliza Rutherford, Diego de Las Casas, Lisa Anne Hendricks, Johannes Welbl, Aidan Clark,
et al. Training compute-optimal large language models. arXiv preprint arXiv:2203.15556,
2022.

Jack Hong, Shilin Yan, Jiayin Cai, Xiaolong Jiang, Yao Hu, and Weidi Xie. Worldsense:
Evaluating real-world omnimodal understanding for multimodal llms, 2025. URL https:
//arxiv.org/abs/2502.04326.

Shengding Hu, Yuge Tu, Xu Han, Chaoqun He, Ganqu Cui, Xiang Long, Zhi Zheng, Yewei
Fang, Yuxiang Huang, Weilin Zhao, Xinrong Zhang, Zheng Leng Thai, Kaihuo Zhang,
Chongyi Wang, Yuan Yao, Chenyang Zhao, Jie Zhou, Jie Cai, Zhongwu Zhai, Ning Ding,
Chao Jia, Guoyang Zeng, Dahai Li, Zhiyuan Liu, and Maosong Sun. Minicpm: Unveiling
the potential of small language models with scalable training strategies, 2024. URL
https://arxiv.org/abs/2404.06395.

25

https://arxiv.org/abs/2409.17146
https://huggingface.co/datasets/HuggingFaceFV/finevideo
https://arxiv.org/abs/2410.13611
https://arxiv.org/abs/2404.10690
https://arxiv.org/abs/2412.05237
https://arxiv.org/abs/2502.04326
https://arxiv.org/abs/2502.04326
https://arxiv.org/abs/2404.06395


Andrew Jaegle, Felix Gimeno, Andy Brock, Oriol Vinyals, Andrew Zisserman, and Joao
Carreira. Perceiver: General perception with iterative attention. In Marina Meila and
Tong Zhang (eds.), Proceedings of the 38th International Conference on Machine Learning,
volume 139 of Proceedings of Machine Learning Research, pp. 4651–4664. PMLR, 18–24 Jul
2021. URL https://proceedings.mlr.press/v139/jaegle21a.html.

Aniruddha Kembhavi, Mike Salvato, Eric Kolve, Minjoon Seo, Hannaneh Hajishirzi, and
Ali Farhadi. A diagram is worth a dozen images. In Bastian Leibe, Jiri Matas, Nicu Sebe,
and Max Welling (eds.), Computer Vision – ECCV 2016, pp. 235–251, Cham, 2016. Springer
International Publishing. ISBN 978-3-319-46493-0.

Denis Kocetkov, Raymond Li, Loubna Ben Allal, Jia Li, Chenghao Mou, Carlos Muñoz
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Surya Bhupatiraju, Léonard Hussenot, Thomas Mesnard, Bobak Shahriari, Alexandre
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