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BitNet b1.58 & 1-Bit Ternary Weight Architecture Guide

Ternary {-1, 0, 1} Parameter Quantization, Multiply-Free Linear Layers, and Energy-Scaling Laws

EXECUTIVE ABSTRACT: BitNet b1.58 revolutionizes deep learning microarchitecture by constraining every model weight to a ternary
set {-1, 0, 1} (1.58 bits per parameter). This completely eliminates floating-point Matrix Multiplication (GEMM) from transformer layers,
replacing multi-gigawatt FP16/FP8 multipliers with pure addition and subtraction, slashing silicon energy consumption by up to 89% with
zero perplexity degradation.

Model Precision Weight Representation Hardware Operation Energy per MAC (7nm) Memory per 70B Model

FP16 (Half Precision) 16-bit Float (IEEE 754) FP16 Multiply-Accumulate 0.90 pJ / op 140 GB (2x H100s required)
FP8 (Hopper Native) 8-bit Float (E4M3 / E5SM2) FP8 Multiply-Accumulate 0.22pJ/op 70 GB (1x H100 required)
INT4 (AWQ / GPTQ) 4-bit Integer Linear INT4 Multiply-Accumulate 0.08 pJ / op 3??23)(':"5 commodity
BitNet b1.58 (1-Bit) Ternary {-1, 0, 1} Pure Addition / Subtraction 0.01 pJ / op (-89%) 14 GB (Fits single edge GPU)

1. The Matrix Multiplication Energy Crisis in Frontier Al

Modern Large Language Models execute trillions of floating-point Multiply-Accumulate (MAC) operations per forward pass. On 7nm silicon, a 16-bit
floating-point multiplication consumes approximately 0.90 picojoules of energy.

* Memory Bandwidth Starvation: Loading 140 GB of FP16 parameters from GPU High Bandwidth Memory (HBM) consumes 10x more energy than
the computation itself.

» The BitNet Breakthrough: Microsoft Research demonstrated that model capacity does not require continuous 16-bit float distributions.
Constraining weights to {-1, 0, 1} preserves full language modeling capability while replacing multipliers with basic binary adders.

2. The Mathematics of 1.58-Bit Absmean Quantization
BitNet b1.58 quantizes weight tensors W using an absolute-mean scaling factor gamma:
» Weight Quantization: W_quant = RoundClip(W / gamma, -1, 1), where gamma = (1 / nm) * sum(|W_ij|).

« Activation Quantization: Activations are quantized to 8-bit integers (INT8) using symmetric absmax scaling: X_quant = Clip(Round(X * 127 /
max(|X|)), -128, 127).

« Elimination of Multiplications: y = W_quant * X_quant requires only selecting whether to add, subtract, or ignore activation values: (+X), (-X), or

).
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3. Microarchitectural Silicon Impact: SRAM Cache Residency
By compressing weights to 1.58 bits (log_2(3) = 1.585), a 70-billion parameter model requires only 14 GB of storage:

 Direct SRAM Residency: Future neural processing units (NPUs) can fit entire 7B to 13B parameter models entirely within on-chip SRAM,
completely bypassing slow off-chip DRAM buses and delivering 500+ tokens per second.

* CPU Inference Revolution: BitNet b1.58 achieves GPU-grade inference throughput on standard x86 and ARM CPU cores using basic AVX-512 or
NEON SIMD addition instructions.
4. Scaling Laws & Empirical Benchmark Parity

Extensive scaling studies prove that starting at 3 billion parameters, BitNet b1.58 matches full-precision FP16 Transformer perplexity on MMLU,
GSM8K, and HumanEval while consuming up to 89% less electrical power.

STRATEGIC ARCHITECTURAL TAKEAWAYS

1. BitNet b1.58 quantizes weights to {-1, 0, 1}, completely eliminating floating-point multiplications from linear layers.
2. Replaces Multiply-Accumulate (MAC) units with low-power integer adders, cutting compute energy by up to 89%.
3. Compresses a 70B parameter model down to 14 GB, enabling high-speed LLM serving on edge devices and CPUs.
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