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Algorithm-System Co-Optimization Empowering Edge AI

Motivation As "intelligent companion", The smartphone is the most ideal deployment platform for MLLMs.

Challenge Deploying MLLMs on smartphones is constrained by limited memory and computational power, making user
satisfactory heavily dependent on parameter number and deployment efficiency.

Solution We introduce BlueLM-V-3B, an MLLM specifically tailored for mobile platforms:
Ø Limited memory: Train and deploy a 3B-parameter compact model.
Ø Limited computational power: Design algorithm-system co-optimization framework.

MiniCPM-V Ferret-UI 2 MobileVLM
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Technical Contribution - Summary

1) Algorithm and System Initiative:
We identify and address the excessive image
enlargement issue in the dynamic resolution
scheme used by classical MLLMs. Additionally, we
implement a series of system designs and
optimizations for hardware-aware deployment.

2) State-of-the-art MLLM Performance:
BlueLM-V-3B achieves SOTA performance (e.g.,
66.1 on the OpenCompass benchmark) among
models with similar parameter sizes, surpassing a
series of MLLMs with much more parameters (e.g.,
MiniCPM-V-2.6, InternVL2-8B).

3) High Deployment Efficiency:
BlueLM-V-3B is highly efficient when deployed on
mobile phones. Take the MediaTek Dimensity
9300 processor as an example, with a memory
requirement of just 2.2GB, it can encode images
with a resolution of 768×1536 in approximately
2.1 seconds and achieves a token throughput
speed of 24.4 token/s.

Model Architecture
Ø ViT: SigLIP-400M

Ø MLP Projection Layer

Ø LLM: BlueLM-3B

Ø Dynamic Resolution Module

Ø Token Down-Sampling Module

Deployment Strategy
Ø Batched Image Patch Encoding

Ø Pipeline Parallelism in Image Encoding

Ø Chunked Processing of Input Tokens

Ø Mixed-Precision Deployment
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Technical Contribution - Algorithm and System Co-Design
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Problem: Traditional dynamic resolution approaches lead to 
exaggerated image upscaling.

Solution: BlueLM-V-3B implements a relaxed aspect ratio 
matching algorithm.

Dynamic Image Resolution - Algorithm Design

In Figure A, LLaVA-NeXT selects a resolution of 384×768 for an original 
image sized 380×393. In Figure B, InternVL 1.5 chooses a resolution of 
1920×384 for an original image sized 500×102. 

Problem: Serial image encoding schemes fail to fully utilize NPU 
performance.
Solution: Design multi-patch parallel encoding on the NPU.

Dynamic Image Resolution - System Design

Problem: Single-threaded encoding causes CPU and NPU to wait 
on each other.
Solution: Design a pipeline parallel encoding scheme.

Dynamic Image Resolution - System Design
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Technical Contribution - Algorithm and System Co-Design
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Problem: Dynamic resolution results in very long input tokens.

Token Down-Sampling - Algorithm and System Design
Solution 1: Mixed-Precision Parameter Deployment
Ø Weights: Use INT8 for SigLIP and MLP linear projection layers,

and INT4 for the LLM.
Ø Activations: Use FP16 for SigLIP and MLP activations, INT16

for LLM activations, and INT8 for KV cache.
Solution 2: Decoupling Image Processing and User Input
Ø Once the user uploads an image, SigLIP starts processing it,

while the user can simultaneously input commands.
Ø After image processing completes, the user’s commands are

forwarded to the LLM to generate responses.

Solution:
Ø Algorithm: Merge every 2×2 image tokens into a single token

and use a linear layer for information fusion.
Ø System: Process 128 input tokens (t128) in parallel per

iteration, then merge the results.

System Deployment – Overall Design

t{x}/t1 implies processing x input tokens in parallel
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Technical Contribution – Training Recipe

Approach: Adopt a two-stage training strategy.
Ø Stage 1: Pretrain the linear projection layer while keeping the ViT and LLM frozen.
Ø Stage 2: Finetune the entire model using a large-scale image-text paired dataset.

Training Data:
Ø Stage 1: Use a comprehensive pretraining dataset of 2.5 million image-text pairs, including LLaVA, ShareGPT4V, and ALLaVA.
Ø Stage 2: Build a dataset of 645 million image-text pairs, comprising both open-source and internal datasets. This dataset covers a

wide range of downstream tasks and diverse data types such as image captioning, visual question answering, text-image
recognition, and pure text data.
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Results - State-of-the-art MLLM Performance

• OpenCompass Benchmark（By December 2024, ≤ 10B params）：

• Text-centric/OCR Capacity
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BlueLM-V-3B achieves the highest scores in four tasks and ranks second on average, demonstrating strong MLLM performance.

In OCR-related tasks, BlueLM-V-3B achieves highly competitive results and significantly outperforms mainstream multimodal models
in multilingual evaluations.



• Comparison with MiniCPM-V

Results - High Edge Deployment Efficiency

MLLM Prefilling Time (s) Output Speed (token/s)

Image Resolution Patch Number Init (s) ViT (s) LLM Prefilling (s) 

≈ 20token/s
384×768 3

0.47

0.8 0.80
768×768 5 1.1 1.28

768×1152 7 1.6 1.76
768×1536 9 1.9 2.70
768×1920 11 2.4 4.42

• Time Consumption of Each Component (MediaTek Dimensity 9300)

BlueLM-V-3B, with its smaller parameter size and algorithm-system co-design, demonstrates 
advantages in latency and token throughput.
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Widespread Dissemination

• CVPR 2025

https://arxiv.org/pdf/2411.10640

• Synced China

https://www.jiqizhixin.com/articles/2024-11-29-5

• Other Media Outlets

https://mp.weixin.qq.com/s/jrD8YwmNlzkS2QJfkmln0A
https://mp.weixin.qq.com/s/8vsGPoOFQ0M
bbW5Dp3VBOQ

https://www.thepaper.cn/newsDetail_forward_29401005
https://mp.weixin.qq.com/s/QHGG98mQ0H-
iaWzz2Xndig
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Future Work

Ø Post-training Optimization for Edge Deployment
Conduct instruction tuning, RLHF, and QAT on the base multimodal model to produce a higher-performance, more user-friendly 3B 

model optimized for on-device deployment.

Ø Integration with Mobile Agents

Enhance the model’s planning and tool-usage capabilities by integrating with mobile agent technologies, enabling a more intelligent and 

responsive on-device assistant.

Ø Exploration of Model Size Limits
Leverage techniques such as pretraining and knowledge distillation to explore parameter efficiency, targeting 1B and 0.5B models with 

performance comparable to 3B and 7B models.

Ø Modular Multimodal Model via LoRA Training
Investigate LoRA-based training to decouple the language and vision components, aiming to develop edge models that combine strong 

language understanding with advanced multimodal capabilities.
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Thanks for your listening!


