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Weight Activation
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Per-row
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Per-column isolates outliers
➔ Smaller Error
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Models
• OPT, LLaMA, and Llama-2

Datasets
• WikiText-2 and Penn Treebank

Accuracy
• Hugging Face Library

Performance
• RTL: 28nm technology
• Cycle-level simulator 

Baselines

Accuracy

SmoothQuant Column-wise scaling

ANT Adaptive & Custom Types

OliVe Adaptive & Custom Types

Performance

OLAccel Input - Mixed Precision

ANT Input - Exponent & Integer

OliVe Input - Exponent & Integer
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Precision Scheme OPT-66B Llama-2-70B

FP16 Base 9.34 3.32

INT8

SmoothQuant 9.87 17.30

OliVe 9.43 50.94

Tender 9.43 3.48

INT4

SmoothQuant 6E+4 7E+4

OliVe 6E+3 99.91

Tender 12.38 13.43

Perplexity results using WikiText-2 dataset
* Lower is better

Isolation of outliers

More important
in low-precision
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LLM inference speedup

0

1

2

3

4

OPT-6.7B OPT-13B OPT-66B Llama-2
7B

Llama-2
13B

Llama-2
70B

Geomean

Sp
ee

du
p

ANT OLAccel OliVe Tender
2.6x

➔ With higher accuracy, Tender achieves higher performance



44

• GPU Implementation of Tender
• Tender on weight-stationary 

dataflow

• Hardware support for reordering
• Comparison with BFP variants
• MSFP and MX formats
• Area & Energy Efficiency
• Others…
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Problem
• Outliers make an efficient serving of LLM challenging
• Complex and intrusive design of prior works

Solution: Tender, efficient low-bit integer-based LLM inference accelerator
• Tensor decomposition while considering accuracy and performance
• Rescaling only requires a 1-bit shifter and 1-cycle latency

Result
• Tender achieves up to an average of 2.6x speedup over the baseline with 

substantially higher accuracy J
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