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Abstract

LLM (Large Language Model) is an advanced model for processing sequential data, evolving from RNN and LSTM models,
and is based on the transformer architecture. Since the publication of the ‘Attention Is All You Need’ paper in 2017, transformers
have continuously developed, leading to successful LLMs such as OpenAl's GPT-4 and Google's Gemini Pro 1.5. LLMs require
extensive data training, necessitating high-performance GPUs and prolonged training times, which is why they are typically not
available for local use by individual users. Meta Al's LLaMA 3, an open-source model for research and commercial use, is
available in 8B and 70B parameter models. While LLaMA 3 can be run locally, it requires a multi-GPU environment. To run
LLMs on-device, quantization and fixed-point arithmetic are needed due to the resource constraints of edge devices. Floating-point
operations are resource-intensive and challenging for edge devices, though fixed-point operations, while faster, have a narrower
range and may affect LLM accuracy. This paper analyzes the structure and operations of the LLaMA 3 8B model, presents
fixed-point experiment results, and discusses hardware resource usage.
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Data Type MMLU Data Type MMLU
Float64 82 Float16 82
Float32 82 Bfloat16 82
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Table 2. Results Applying Fixed-Point <16, N> Conversion Module

Data Type MMLU Data Type MMLU
Fixed<16, 1> 0.0 Fixed<16, 9> 80.0
Fixed<16, 2> 0.0 Fixed<16, 10> 6.0
Fixed<16, 3> 0.0 Fixed<16, 11> 0.0
Fixed<16, 4> 0.0 Fixed<16, 12> 0.0
Fixed<16, 5> 0.0 Fixed<16, 13> 0.0
Fixed<16, 6> 25.0 Fixed<16, 14> 0.0
Fixed<16, 7> 65.0 Fixed<16, 15> 0.0
Fixed<16, 8> 75.0
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100 MMLU Results for Fixed-Point<16,N> Data Types with Varying Fractional Bits
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¥ 4. LLaMA 3 8B Q| oMt £, L= L5 Gidy|ot SdY| T
Table 4. The number of adders and multipliers required per node in the computational
blocks of the LLaMA 3 8B model

Node Name Adder | Multiplier
RMS 1 1
Attention Weight Mul 1
RMSNorm Reciprocal Sqrt

RMS Out 1
Query 1 1
Key 1 1
Value 1 1
Query RoPE 1 1
Attention Key RoPE 1 1
Score 1 1

Transformer Softmax 1
Block SV 1 1
Attention Out 1 1

x 32 Skip-Connection 1 |  Skip-Connection 1 1
RMS 1 1
FeedForward Weight Mul 1

RMSNorm Reciprocal Sqrt
RMS Out 1
X1 1 1
X3 1 1
FeedForward SiLU

Mul 1
X2 1 1

Skip-Connection 2 Skip-Connection 2 1
RMSNorm RMS 1 1
Linear Weight Mul 1
Total Sum 18 22

E 5 ¥ 458 HIE Zolof WE R S147(9] st=dofe]

Table 5. The number of AND, OR, and XOR gates in adders and multipliers according to fixed-point bit

length
Arithmetic Unit Gate Counts
16bit 24bit 32bit
Adder AND OR XOR AND OR XOR AND OR XOR
156 40 32 234 60 48 312 80 64
16bit 24bit 32bit
Multiplier AND OR XOR AND OR XOR AND OR XOR
1,010 265 763 2,282 589 1,719 | 4,066 1,041 3,059

E 6. LLaMA 3 =9 Zo Ai7|9} of g Aty nF LM HIE Zolof WE St=gof L3t HlE
Table 6. The required arithmetic units per node in the LLaMA 3 model and the corresponding hardware
quantity and ratio of these units according to the fixed-point bit length

Gates Counts

Task Fixed 32 bit only Mixed Precision Fixed 16 bit only
AND OR XOR AND OR XOR | AND OR XOR
Gate Counts 95,068 | 24,342 | 68,450 | 48,938 | 12,642 | 34,778 | 25,028 | 6,550 | 17,362
Gate Counts Ratio 100% | 100% | 100% | 51% 52% 51% 26% 27% 25%
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