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The New Scaling Law: Larger model, Fewer Bits!

Scaling Law[1]:

Larger model, better performance 

[1]:arxiv.org/pdf/2001.08361                     [2]:arxiv.org/pdf/2502.02631

Bit-Level Scaling Law[2]:

Larger model, fewer bits per weight

2-bit 8B is better than 8-bit 2B!
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https://arxiv.org/pdf/2001.08361
https://arxiv.org/pdf/2502.02631


The “GPU Scaling Law”: Lower Bits, Higher TFLOPs
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Fewer bits as one of the major drivers!
(Process, Tensor Cores, etc. also contribute)

FP32 ALU

FP4 ALU
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Low-Bit Models: Widely Adopted in Industry & Academia

Microsoft Phi-3-mini: 4-bit
Apple Intelligence Foundation 

Model: 2-bit + 4-bit

Hugging Face: 

>38K 4/2/1-bit ModelsMicrosoft BitNet: 1(.58)-bit

Meta ParetoQ[1]:

2-bit offers promising potential 

[1]:arxiv.org/pdf/2502.02631

Google Gemma3:

Provides 4-bit model 

https://arxiv.org/pdf/2502.02631


Low-bit LLMs ≈ Weight-Only Quantized LLMs
What's So Hard About Quantizing Activations?

BitNet-2B4T and Qwen2.5 weight & act. format
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Category Activations Weights

Recoverable? Represents information of input features. 
Once lost, cannot be recovered.

Can be compensated by deeper networks or 
retraining/fine-tuning.

Outliers More prevalent and extreme (e.g., large 
values, channel-wise outliers).

Fewer and more manageable.

Range Dynamic and input-dependent. Hard to set 
optimal quantization range in advance.

Static and predictable; can be analyzed offline.

Bit-width Typically 8/16 bits. Quantizing to 4 bits or 
lower often causes large accuracy drops.

1-bit (train from scratch), 
2-bit (with distillation/mixed training),
4-bit (post-training quantization) are feasible.



Shifting to New Compute Paradigm:  GEMM -> mpGEMM

(a) GEMM (b) Indirect mpGEMM

(c) Direct mpGEMM 

LLMs with mixed-precision GEMM

(mpgemm, E.g., 𝑊𝐼𝑁𝑇2 × 𝐴𝐹𝑃16)
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“LUT Renaissance” For mpGEMM

Lookup Table = any n-input Boolean function

LUT in math handbook, Wiki

Table Lookup replaces MAC/ADD
7



Proceeding of LUT-based dot product: 

Table Precompute Table Lookup 
& MUX

Partial Sum Add

Suffer from heavy  
table precompute 
overhead!
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Three Challenges in LUT-based methods:
Huge 

Table Size
Table Precompute 

Overhead

Diverse Precision 

Combination

Table Runtime Generation

+ Symmetrization 

+ Bind weight-bit to time

INT1

INT4

INT2

FP16

INT8

FP8

Weights Activations

DFG Transformation 

+ Kernel Fusion

+ Symmetrization

Bit-Serial 

+ Compiler Support

+ Table Quantization
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Our LUT Tensor Core
Comprehensive optimization for both software and hardware

Software’s optimization for activation: 

◆ DFG transformation to avoid duplicated 
precompute

◆ Further kernel fusion to reduce I/O

Software’s optimization for Weight:

◆ Reinterpretation to enable symmetrization

◆ One time transform to simplify hardware

Hardware’s halved LUT table

◆ Halved storage & broadcast & MUX

Simplified circuit

◆ Eliminated negation logic during compilation 

Support for weight bit-width variance

◆ Bit-serial like design for flexibility

✓  LUT Tensor  Core Significantly outperforms conventional LUT 
10



Activation
DFG Transform: Spilt precompute stage into an individual operator

Operator Fusion: Reduce I/O

Blocked GEMM Thread Block Tile Warp Tile LUT Tensor Op

LUT 
Tensor Core

......

...
Low-bit

LLM
DFG

Mul

GEMM

Low-bit
LLM
DFG

Fused (Mul+
Pre-compute)

LUT-mpGEMM

Blocked GEMM Thread Block Tile Warp Tile LUT Tensor Op

......

...

Conventional method.

Repeated
Pre-compute

LUT 
Tensor Core

Low-bit
LLM
DFG

Mul

LUT-mpGEMM

Pre-compute

+ DFG Trans.

+ Kernel Fusion

Redundant pre-compute.

One-time pre-compute. 

Global Memory Shared Memory Register File Pre-compute Unit -> LUT Tensor Core

Global Memory Shared Memory Register File LUT Tensor Core
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Weight 

Weight Reinterpretation: enables symmetrization

➢ From q -> q’

➢ Rescale s and z, a linear transformation.

q value

00

0 1 2

01 10 11
Original Uint q

q {0,1,2,3}
S = 1, z = 0

3

q' value -3 -1 1 3

00 01 10 11 Reinterpreted q'

q' {-3,-1,1,3}
S' = 0.5, z' = -3

Abbr. Meaning

r Real value

s Scale factor

q Quantized value

z bias

r=S(q-z)
  =S'(q'-z')

r=s(q-z)=1*(2-0)=2r=s’(q’-z’)=0.5*(1-(-3))=2
12



Weight

Symmetrization enables halved table item
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Weight

Negation logic in circuit can be further eliminated

𝑊′3 = 𝑊3   𝑊′2 = ቊ
~𝑊2, 𝑖𝑓 𝑊3 = 1
 𝑊2, 𝑖𝑓 𝑊3 = 0

      𝑊′1 = ቊ
~𝑊1, 𝑖𝑓 𝑊3 = 1
 𝑊1, 𝑖𝑓 𝑊3 = 0

       𝑊′0 = ቊ
~𝑊0, 𝑖𝑓 𝑊3 = 1
 𝑊0, 𝑖𝑓 𝑊3 = 0
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LUT Tensor Core Microarchitecture & Workflow

MNK parallelism of LUT Tensor Core Compilation Support for LUT Tensor Core:

LUT-based Matrix Multiply-Accumulate (LMMA)

Compilation Flow

◆ DFG Transformation.

◆ Operator Fusion.

◆ Weight Reinterpretation.

◆ LUT-based mpGEMM Scheduling. 

• Elongated tiling strategy by Roller & Ladder. 

◆ Code Generation. 

• LMMA inst. registered as intrinsics in TVM.

15



Hardware Evaluation

@TSMC 28nm hpc, DC 2018, medium effort, 1GHz

Dotted line means minimum product of power*area

Tensor Core Level MNK DSE

Dot Product Level K DSE

M=N=1
16

Meaning of M, N, 
and K in GEMM 

(from NVIDIA Docs)

https://docs.nvidia.com/deeplearning/performance/dl-performance-matrix-multiplication/index.html


Operator Level Evaluation

Up to 6.9x acceleration under same area

mpGEMM kernel on Accel-Sim across 𝑾𝑰𝑵𝟏~𝑰𝑵𝑻𝟒 𝑨𝑰𝑵𝑻𝟖,𝑭𝑷𝟏𝟔  
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Overall Comparison

Up to 6.93x acceleration with 38.3% of conventional FP16*Fp16 Tensor Core’s area

Accuracy reported from BitNet https://arxiv.org/abs/2402.17764
18

https://arxiv.org/abs/2402.17764


Ablation Study with previous SOTA

1.44 × Efficiency than UNPU[JSSC’19], previous LUT-based SOTA accelerator work

19



Summary

Low-bit LLMs provide new opportunities for scaling law.
• LUT Tensor Core: LUT-based direct support for mpGEMM

• A native support for mpGEMM, compatible to GPU ecosystems

• Software-hardware co-design solving three challenges in LUT-based methods:

• Table storage, Table precompute overhead, Diverse Precision Combination

Limitations & Future Directions:
• Inference only. 

• mpGEMM is not adopted in training.

• Self-attention is still in high bits

• Currently offloaded to cuda cores.

• mpGEMM 𝑊𝐼𝑁𝑇𝑋 × 𝐴𝐹𝑃16, turning point is 𝑊𝐼𝑁𝑇6.

• Direct non-integer weights supports (1.58 bits)
20
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Thank you!
zhiwen.mo25@ic.ac.uk
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