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LLMs Are Becoming Increasingly Ubiquitous
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LLMs power a wide Increasing adoption Generally getting larger
range of tasks across industries and better over recent years
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The widespread adoption and increasing complexity of LLMs pose critical deployment challenges



Growing Concerns Regarding Throughput

Trade-off between accuracy and throughput
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Ideally, high throughput inference is desirable via faster token processing and large batch sizes



Early-Exit (EE) LLMs

EE-LLMs are a variant of LLMs that allow tokens to exit early if they meet a confidence threshold
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What are the challenges with serving EE-LLMs today ?



Early-Exit (EE) LLMs

EE-LLMs are a variant of LLMs that allow tokens to exit early if they meet a confidence threshold
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*Layerskip, ACL 2024, https://aclanthology.org/2024.acl-long.681.pdf
#EE-LLM, ICML 2024, https://arxiv.org/pdf/2312.04916 5

What are the challenges with serving EE-LLMs today ?



Challenge With EE-LLM Serving

. . ) Only limited throughput improvements ‘
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EE-LLMs offer only limited throughput benefits
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Key Insight #1: Not Meeting Confidence Is Okay
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Challenge: How do we know what are the most likely to be used layers ?



Key Insight #2: Early-Exits Are Often Complementary
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ﬂChaIIenge: How do we know which models to use and when to use a different model ?



Challenges In Exploiting Our Key Insights

Too many models = Early exits unknown =  Being too greedy -  Load more layers or
How do you choose? task and LLM-dependent lowers accuracy switch to another?
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We propose HELIOS that addresses these challenges



HELIOS: Design Overview

Too many models \/ Early exits unknown \/ Being too greedy \/
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HELIOS greedily loads layers and orchestrates multiple EE-LLMs to maximize early-exits
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Evaluation Methodology

Setup Models Datasets
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Our methodology ensures that our evaluations are consistent with prior works



HELIOS Enables Faster Token Processing
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HELIOS achieves accuracy comparable to OPT-6.7B and throughput higher than OPT-1.3B
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Q HELIOS enables faster token processing speed while preserving accuracy



HELIOS Improves Batch Sizes

Varies across tasks
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Q HELIOS improves both token processing latency and batch sizes
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Conclusion

Current EE-LLMs: Only loads most likely  Uses multiple LLMsto  Improves both token
no memory savings =2 to be used layers maximize early exits  processing latency and
limited throughput batch sizes
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HELIOS Preserves Downstream Task Accuracy
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] our experiments show that accuracy remains identical even with fewer layers

—! This observation is consistent with prior work*

*Enabling Early Exit Inference and Self-Speculative Decoding, ACL 2024
The Unreasonable Ineffectiveness of the Deeper Layers, ICLRZ@S

HELIOS dynamically finds the minimum number of layers needed to serve the request stream
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