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Abstract:

Recent advances in Neural Processing Units (NPUs) now enable Large Language Models (LLMs) to run
directly on-device. However, current systems continue to rely on a single, fixed numerical precision across
the entire inference graph. Although low-precision formats such as INT8 or INT4 improve speed and energy
efficiency, they fail to adapt to the varying computational demands of different tokens or transformer
blocks. As a result, when the model encounters more complex reasoning steps, fixed low precision may
degrade output quality.

Transformer-based LLMs exhibit varying levels of computational difficulty across tokens, yet existing NPU
execution pipelines apply one quantization bit-width to the entire model. This leads to an inefficient
compromise: high precision increases energy consumption even in situations where it is unnecessary,
whereas low precision risks accuracy loss during more demanding reasoning phases.

The essential research gap lies in the absence of a real-time mechanism capable of adapting numerical
precision during inference on NPUs.

This PhD project proposes a Dynamic Precision Switching (DPS) framework tailored to the Qualcomm Al
NPU stack. The approach incorporates a lightweight Complexity Monitor that estimates, for each
transformer block, whether computation should be executed in INT4, INT8, or FP16. Precision adjustments
are applied only to self-attention and feed-forward projection layers to minimize runtime overhead. The
research will evaluate whether this targeted, block-level precision adaptation can reduce energy
consumption while maintaining accuracy close to full-precision inference.
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