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Executive summary

The rapid proliferation of Al at the edge, across smartphones, laptops, and client devices, marks a fundamental shift in
how intelligence is delivered. While early breakthroughs centered on language-based applications such as voice
assistants and real-time transcription, the next frontier is vision-driven Al. Vision language models (VLMs) enable richer
contextual understanding by fusing visual and textual modalities, unlocking advanced capabilities like image
comprehension, multimodal search, and real-time augmented reality.

Deploying VLMs on edge devices is not simply a performance challenge, it is a memory challenge. Unlike cloud
inference, edge deployments must operate within strict power, thermal, and latency constraints. High-resolution image
processing expanded context windows and autoregressive token generation introduce significant memory pressure,
particularly in managing key-value (KV) caches across multiple transformer layers. For example, a 32-layer depth 7B-
parameter model with FP16 KV cache and 4k hidden size can consume ~300-500MB of cache for 500 tokens,
directly impacting responsiveness and battery life.

Memory architecture has become a primary strategic enabler for edge Al. The ability to optimize DRAM bandwidth,
minimize KV cache overhead, and integrate advanced memory technologies will directly determine performance,
power efficiency, and user experience on next-generation mobile and client platforms. This paper provides a deep dive
into vision language model (VLM) architecture, identifies key performance bottlenecks, and demonstrates why memory
design is pivotal to achieving real-time, privacy-preserving vision Al at the edge.

Introduction

VLMs represent a class of multimodal Al systems designed to interpret and generate information across visual and
textual domains. These models underpin advanced tasks such as visual question answering (VQA), image captioning,
and multimodal retrieval. On mobile and client devices, VLMs enable transformative experiences, from real-time photo
enhancement and gesture-based controls to privacy-preserving video conferencing.

Unlike cloud-based inference, edge deployment introduces unique constraints. Compute resources are limited,
thermal budgets are tight, and latency requirements are unforgiving. VLMs exacerbate these challenges due to their
complexity: vision encoders produce high-dimensional embeddings, projectors align these embeddings with language
models, and autoregressive decoders generate token-by-token outputs while referencing large KV caches. Each step
compounds memory demand, making DRAM performance and capacity a first-order design consideration.

This paper examines:

¢ VLM architecture fundamentals and popular implementations (CLIP, BLIP, Flamingo, LLaVA).
e Memory-intensive operations such as vision token processing and KV cache growth.

¢ Performance implications for edge devices and strategies to mitigate bottlenecks.

By understanding these dynamics, system architects and OEMs can design platforms that deliver responsive, secure,
and power-efficient vision Al experiences, without compromising user trust or device longevity.
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VLM Architecture:

At a high level, most VLMs follow a modular architecture:

o Vision encoder: Processes the image input into a dense visual representation.
o Projector: Aligns the visual features with the language model’s input space.
e Language decoder (LLM): Generates or interprets text based on the visual context.

Figure 1. VLM Architecture
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Note 1. This modularity allows for flexibility in combining different vision backbones (e.g., ResNet, ViT) with powerful
language models (e.g., GPT, Llama).
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Vision Encoder

A vision encoder identifies and extracts essential visual attributes, such as color, shape and texture, from image or
video inputs, transforming them into meaningful representations (vector embeddings) suitable for model processing.
These representations are then used for tasks like classification, detection, segmentation, captioning, or as input to the
language models.

Traditional architectures:

o CNNs (e.g., ResNet, EfficientNet): Traditional image feature extractors.
Transformer-based architectures:

e Inspired by NLP models e.g., vision transformer (ViT) that breaks the image into patches and uses self-attention to
model global relationships.

Projector: Bridging Vision and Language for Smarter Al Experiences

Vision encoders generate high-dimensional spatial features, whereas language models require sequential token
embeddings. Visual and textual embeddings need to be jointly processed by the vision language model, typically within
the language model. A projector solves this by aligning the output from the vision encoder into a format compatible
with the language model, ensuring that vision embeddings can be effectively processed alongside text token
embeddings.

A projector:

» Bridges the gap between vision and language models.

o Maps visual features into the embedding space of the language model.

¢ Implemented as either a linear layer or MLP.

¢ Ensures dimensional compatibility between visual features and language model inputs.

Language decoder: Turning multimodal Inputs into meaningful responses.

The language decoder processes the visual embeddings that have been processed by the projector and the text
embeddings to generate the text response. It can handle multimodal input sequences and can generate coherent text
output.

e Processes both text inputs and projected visual embeddings.
e Supports multiple backends:

o Llama
o MPT
o Mistral

o Generate responses based on combined multimodal inputs.

Popular VLM Architectures

-

CLIP (contrastive language-image pretraining) — Aligns image and text embeddings using contrastive loss1.
BLIP/BLIP-2 — Bootstrapped language-image pretraining with vision-language pretraining and generation.

Flamingo — Uses frozen vision and language models with a cross-attention layer for few-shot learning.

A 0N

MiniGPT-4 / LLaVA — Combines a vision encoder with a large language model (like Vicuna or GPT) via a projection
layer2,3.

5. GIT (generative image-to-text transformer) — Unified model for captioning and VQA using a generative approach.
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Breaking Barriers: Overcoming Memory Limits for Edge Al

Deploying vision language models (VLMs) on edge devices poses a unique set of challenges that directly impact
application performance. Edge environments, such as mobile and client devices, are fundamentally different from the
cloud, with significant limitations in compute power, memory, and battery life. These constraints are particularly
problematic for VLMs, which are resource intensive. This makes it difficult to achieve the low latency required for real-
time multimodal tasks, like live video analysis or augmented reality. Large model sizes can lead to slow load times and
high energy consumption, which can quickly drain a device's battery and generate excessive heat, degrading the
overall user experience.

Running these transformers is computational and memory expensive. Running LLaVA 1.6 on a Mi15 phone (SM8750 +
LP5X) on CPU delegate without NPU/GPU offload with a low image resolution of 336x336 takes about 316 seconds
end-to-end (model load + image encoding + analysis + text generation).

Performance analysis reveals that the language model’s prefill phase — where image embeddings and the text prompt
are processed in parallel — consumes 276 seconds, representing 87% of the total 316-second inference time. In
contrast, vision encoding requires 15 seconds, with the subsequent autoregressive token generation adding 25
seconds. This data unequivocally shows that in many VLM workloads, particularly image-heavy prompts, the prefill
stage, which includes processing of all the visual tokens and text tokens through the full transformer stack to populate
the KV cache with the multimodal context, represents the primary computational bottleneck for on-device VLM
deployment.

Figure 2. Image Report on Power Analysis
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In addition to computing, the key component that drives and enables the user experience is memory. Modern vision
encoders convert images into hundreds or thousands of visual tokens, depending on resolution and patch size, these
tokens are injected into the language model’s context, dramatically increasing effective sequence length.

High-resolution images generate more vision tokens, and videos, which contain multiple frames to understand, add
even more tokens across these multiple frames. All these vision tokens must pass through the full model depth
(multiple transformer layers), which increases both memory usage and DRAM traffic. When we think of “better
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performing models” we think of models that have more context or models that “remember information” within one chat
window.

Another aspect of vision language models is the increased context length from the higher number of vision tokens to
be passed to the language model, and the information carried from the chat window, which leads to bigger cache
sizes. For autoregressive transformer models (e.g., LLMs), the model will generate one token at a time referencing the
context (KV cache). Having to refer to the cache multiple times during token gen adds to the memory pressure.

Figure 4. KV Cache Flow in Vision Language Models
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In vision-language models (VLMs), key-value (KV) caches are stored for every layer and attention head. As the
sequence length increases, the size of these caches grows linearly.

For a model with:

e L layers

¢ H attention heads

e T_max (max of sequence length, context length supported)
¢ D hidden dimensions

The memory required for KV caches is approximately:
Memory =2 x L x H x T_max x D x sizeof(dtype)

This creates a major bottleneck on edge devices, especially for large models. For example, with 32 transformer layers,
32 attention heads, head dimension 128, and a 500 token context, the FP16 KV cache alone can approach a few
hundred MBs, leading to slow performance, high energy consumption, and heat issues. In practical terms, KV memory
grows linearly with model depth and sequence length, which means longer responses directly translate into higher
DRAM capacity and bandwidth demand.

Case Studies

Why Edge: Cloud-Based Vision Al Creates Latency Bottlenecks and Degrades User Experience

The following case studies examine both architectural placement (cloud vs edge) and hardware level constraints
(memory bandwidth).

When vision language models run in the cloud, end-to-end latency is dominated by network upload and response
time. On variable Wi Fi or cellular connections, this often leads to noticeably slower image analysis and degraded user
experience compared to processing on-device. Models accessed over a live network (red dashed bars) consistently
exhibit longer end-to-end times, significantly slower compared to the edge-deployed MobileVLM model.
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Figure 5. Image Comprehension Time (in Seconds) for Models Running on the Cloud
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Across resolutions, the dominant contributor to total time is Image upload and analysis (TTFT). The token-generation
component is comparatively small, indicating that network/Wi-Fi latency and bandwidth are the primary
determinants of user-visible delay when vision language models are served from the cloud.

These results highlight a fundamental limitation of cloud-only deployment for image comprehension workloads: even
highly optimized models are bound by network latency, limiting responsiveness and degrading user experience. In
contrast, edge-based deployment enables local image processing and transmission of compact outputs, eliminating
network-induced variability. This architectural shift can significantly reduce end-to-end latency, making edge
deployment essential for interactive, latency-sensitive vision applications.

Micron LPDDR: Enabling Vision Language Models at the Edge

Memory bandwidth is one of the key enablers for vision language models at the edge. Image-embedding and token-
generation phases place sustained pressure on memory bandwidth and capacity.

The following figure illustrates how read traffic climbs steadily, with cumulative LPDRAM traffic reaching multi-terabyte
levels over the course of entire inference (prefill and generation phases). This behavior is characteristic of modern
vision-language models: performance and latency are constrained far more by how fast and how much data memory
can serve than by raw compute alone.

The high bandwidth capability offered by Micron LPDDR devices is essential to enable vision language models at the
edge.
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Figure 6. LLaVA 1.6 Data on Mobile Running on CPU
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Micron's LPDDR runs at the industry-leading speed grades: 7.5 Gbps, 8.5 Gbps (13.3% improvement over 7.5 Gbps),
9.6 Gbps (12.5% improvement over 8.5 Gbps. Micron’s increasing LPDDR5X speed grades provide meaningful gains for
the user experience and battery life.

Figure 7. Use-Case times and Energy Usage Improvements
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Conclusion

Edge Al is transforming how users interact with their devices - enabling faster, more private, and context-aware
experiences. But behind this transformation lies a critical foundation: high-performance memory.

From loading multimodal models to processing vision tokens and generating output tokens, every phase of inference
is gated by the speed, bandwidth, and efficiency of LPDDR memory. As Al agents become more autonomous and
multi-modal, the performance demands on memory will continue to grow.

o LPDDR memory bandwidth directly determines how quickly vision features can be analyzed during prefill stage and
how fast result tokens can be produced.

o LPDDR capacity influences the ability to hold more weights, activation and KV cache growth
o LPDDR energy consumption improvements help with sustained token generation efficiency

e Micron's leadership in LPDDR5X technologies positions it at the forefront of this evolution. By delivering the fastest
and power-efficient memory solutions, Micron is not just supporting edge Al - Micron is enabling its future.

The next generation of intelligent, responsive, and secure edge experiences will be built on memory. Micron is the
foundation for those experiences.
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