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Motivation

Artificial intelligence (Al) serving is emerging as a key driver of growth in energy consumption as Al systems are deployed at scale,
particularly for Transformer-based large language models (LLMs) inference serving. Large-scale LLM inference generated from real user
interactions during LLM serving motivates us to rethink how the inference process itself can be leveraged to improve the serving
system, particularly enabling efficient task-specific LLM adaptation.

Method Empirical Evaluation

Our forward-only approach includes two steps, i.e., forward-only
search and rank reduction. The proposed forward-only search,
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Fig. 2: Experiments across LASER, LASER-Grad, and Ours.

Singular Value Decomposition
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More Dispersed or More Concentrated Table 1: The generalization of our approach.

(refer to our paper for more results)
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Fig. 1: Efficient LLM Adaptation in LLM inference serving.

Our forward-only search eliminates the need for backpropagated
gradients [1] and avoids the computational burden of exhaustive
search by sweeping all the weights [2]. After the forward-only
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