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Introduction

» Large-scale pre-trained transformer-based models e.qg. GPT-4, LLAMA,

Output Scaled Dot-Product Attention
Probabilities
Sofme MatMul
'y N\
Add & Norm
Feed
Forward
s A Add & Norm
—(Add8 Nom ) Multi-Head
Feed Attention
Forward T 7 Nx Q K v
— | (=
Add & Norm — A -
Nx 7 Y| ——- Multi-Head Attention
~—| Add & Norm | Vasked
Multi-Head Multi-Head
Attention Attention
A, J ) A J) \
e J . —V
Positional o) Po?i@onal L
Encoding & Encoding Scaled Dot-Product V h
Attention
Input Output \ [ [ |
Embedding Embedding \ N ‘ ' .
T T \ Linear P Linear Linear
\
Inputs Outputs \
(shifted right) \
Moy K Q

A. Vaswani, “Attention is all you need”

PaLM



Introduction

« Pre-training transformers require numerous computations & high-bandwidth memory
e.g. sub-layer of FP16 FFN
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« Pre-training transformers require numerous computations & high-bandwidth memory
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Introduction

« Pre-training transformers require numerous computations & high-bandwidth memory

e.g. sub-layer of FP16 FFN
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Introduction

* Fully Quantized Training (FQT) with INT8

o Computation : FLOP = Integer operation
- Memory bandwidth reduce
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Related Work

e Post-Training Quantization

o No speedup for training
o Quantization error for output
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* Quantization-Aware Training

o focus on training accuracy, not speedup
o Weight still full-precision
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Related Work

* Fully Quantized Training : INT8 training for CNNs

« Direction Sensitive Gradient Clipping « (Gradient Vectorized Quantization
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Related Work

 Fully Quantized Training : SwitchBack
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Related Work

 Fully Quantized Training : FP8 training with Hopper architecture

FP8 weight : WFFP8
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Related Work

« Limitations on existing FQT

1. Previous FQT methods designed for CNN, low accuracy for Transformer
2. Most FQT focus on computation reduction, not data access overhead
3. Some FQT techniques (FP8) requires specialized hardware
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INT8 Data Flow

* Previous
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INT8 Data Flow

* Reduce computation and amount of memory access
* Accelerate nonlinear operators
 Activation memory consumption and amount of communication reduced

s @ e - - [
X

1 | |

| | |____I

L - - == q L- - - |

[loevom | [lwesom | @ (QLyaNorm)
| I | ’

i ] Cotmer O (Cotmer D) |
I | |

oo, [emw ], (Cocew ) |
|

T ] | Cooe D | Coma ) |
. I

| O | Gropw) !

1 | |

el Y .
Y Y  /

H. Xi, arxiv:2403.12422v2

11



Method

1) Per Block Quantization
2) Linear Layer Operator
3) Non-Linear Layer Operator
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MEthOd Per Block Quantization

Per Channel Quantization is advantageous for
activations
due to the presence of channel-wise outliers
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MEthOd Per Block Quantization

Per Token Quantization is advantageous for gradient
due to the presence of token-wise outliers

Xi et al, (2023). Training Transformers with 4-bit Integers.
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MEthOd Per Block Quantization

INT8 numerical format must accurately support
the following three MMs of a linear layer

Y = Xw!
VX: VYW
Vw= VyX
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MEthOd Per Block Quantization

But, using per-channel for forward pass and

per-token quantization for backward pass is not hardware-

friendly

WMMA (Warp Matrix Multiply-

Accumulate)
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matrix multiplication (MM) in hardware
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MEthOd Per Block Quantization

Per-block quantization can achieve computational efficiency
and preserve accuracy at the same time

Final layer activation quant error
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Method

1) Per Block Quantization
2) Linear Layer Operator
3) Non-Linear Layer Operator
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MEthOd Linear Layer Operator

Jetfire uses 3-Level Tiling of Matrix Multiplication
based on the GPU architecture

Level 1: CUDA thread block
Level 2: Quantization block
Level 3: WMMA operation

19



MEthOd Linear Layer Operator

Level 1: CUDA thread block

Y = XWT where X € RVX¢C W € RP*XC Y € RVXD,
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MEthOd Linear Layer Operator

Level 2: Quantization block
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MEthOd Linear Layer Operator

Level 3: WMMA operation
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MEthOd Linear Layer Operator

§7)

Algorithm 1 INT8 Linear Layer

Require: INT8 Matrices X € RV XY, W € RP*“ FP16 scale

matrices Sx € REN*Lc Sy e REP*Lc CUDA Block
size BNy X Bo X Bp

Define Ty = |25 |, Te = [ |. 7o = [ 2]

Define Ry = [B?N-l .Rc = [B?c-‘ Rp = ’-B?D-‘

%

Xok Yy,

forkin0..Tc—1do
forpin0..Ry—1do
forqin0..Rp —1do

Xikp

Yij,pq

W

k.q

for 1 <i< Ty do
for 1 <j<Tpdo

11:
12:

13:
14
15:

Initialize accumulator Y12, YINT32
for 1 <k <Tc do
Load INTS8 Block X, € REN*B¢ and scale factor
Sx,, € RENXEC
Load INTS8 Block WJT;C € RPc*Bp and scale factor

On chip, compute INT8 Matmul: Y1} = X;, W [,
On chip, dequantize to FP32 and accumulate:

FP32 P32 INT32

end for
|On Chip, quantize the output Y7;*|to get YO ¢

if
RPN *5D and scale S;; € R~ D
Save Y1, and Sy, ; to global memory.
end for
end for
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Method

1) Per Block Quantization
2) Linear Layer Operator
3) Non-Linear Layer Operator
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MEthOd Non-Linear Layer Operator

Authors observed that non-linear operation are memory-

bounded
Triton for Different Precision
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MEthOd Non-Linear Layer Operator

GELU, LayerNorm, Dropout, Add

INT8 INT8 INTS

Dequantize

Dequantize

Dequantize
FP32 FP32 FP32

T TT—

INT8 INTS INTS
Block 1 Block 2 Block 3

All FP32 values are stored only in shared memory due to kernel fusion, while global
memory handles only INT8 read/write operations
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Experimental Settings

 Task

- Machine translation, image classification, generative model
pretraining

« Quantization

o INT 8: Linear layers of MLP, attention, non-linear layers (GELU,
LayerNorm, Dropout)

o FP 16: Multi-head attention (used FlashAttention[1])
o FP 32: Master copy of the weights

 Comparison method
o FP16: Floating point training baseline
o Per-tensor quantization
o SwitchBack

[1] Dao, T., Fu, D., Ermon, S., Rudra, A., and R’e, C. Flashattention: Fast and memory-efficient exact attention with io-awareness.
Advances in Neural Information Process- ing Systems, 35:16344-16359, 2022. 27



Il Experimental Results

Converged model accuracy

« Machine translation - transformer
o Train a transformer base model on WMT 14 En-De dataset

Table 4. Results on machine translation, deit pretraining, GPT2 pretraining, and GLUE fine-tuning result based on the pretrained model.
FP refers to floating-point, SwitchBack refers to per-token quantization. "=’ means the model does not converge.

BASELINE OURS
MODEL #PARAMS(M) METRIC FP SWITCHBACK PER-TENSOR JETFIRE
TRANSFORMER-BASE 61 BLEU 26.49 26.46 26.04 26.49
DEIT-TINY 5 64.08 63.55 — 63.95
DEIT-SMALL 22 Torl Acc 73.43 72.80 — 73.31
DEIT-BASE 86 75.67 75.62 — 76.03
GPT2-BASE 124 2.9074 3.0796 3.1638 2.8597
GPT2-MEDIUM 350 VALID LOSS 2.6612 29141 3.1795 2.4195
GPT2-LARGE T74 2.5993 3.0512 29775 2.4696
GPT2-BASE 124 78.500.45 78.150.15 76.330 .94 78.180.3a
GPT2-MEDIUM 350 GLUE SCORE 82.00¢ 50 80.03p 15 79.19 29 81.60¢ 26
GPT2-LARGE T74 83.01p .24 78.740 .04 7H5.880 .35 82.944 .70
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Il Experimental Results

Converged model accuracy

« Image classification — Deit
o Pretraining for Deit (Tiny, Small, Base) model on ImageNetlK

Table 4. Results on machine translation, deit pretraining, GPT2 pretraining, and GLUE fine-tuning result based on the pretrained model.
FP refers to floating-point, SwitchBack refers to per-token quantization. "=’ means the model does not converge.

BASELINE OURS
MODEL #PARAMS(M) METRIC FP SWITCHBACK PER-TENSOR JETFIRE
TRANSFORMER-BASE 61 BLEU 26.49 26.46 26.04 26.49
DEIT-TINY 5 64.08 63.55 — 63.95
DEIT-SMALL 22 Torl Acc 73.43 72.80 — 73.31
DEIT-BASE 86 75.67 75.62 — 76.03
GPT2-BASE 124 2.9074 3.0796 3.1638 2.8597
GPT2-MEDIUM 350 VALID LOSS 2.6612 29141 3.1795 2.4195
GPT2-LARGE T74 2.5993 3.0512 29775 2.4696
GPT2-BASE 124 78.500.45 78.150.15 76.330 .94 78.180.3a
GPT2-MEDIUM 350 GLUE SCORE 82.00¢ 50 80.03p 15 79.19 29 81.60¢ 26
GPT2-LARGE T74 83.01p .24 78.740 .04 7H5.880 .35 82.944 .70
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Il Experimental Results

Converged model accuracy

* Image classification — Swin transformer and ViT
o Pretraining for Swin (Tiny, Small, Base) model on ImageNetlK
o Fine-tune ViT (Base, Large) model on ImageNetlK

MODEL SWIN-TINY SWIN-SMALL SWIN-BASE

FP 77.55 80.39 80.45
JETFIRE 77.51 80.39 80.37
VIT-BASE VIT-LARGE

FP 83.45 85.72
JETFIRE 83.48 85.67

Table 5. Comparison of FP and Jetfire
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Il Experimental Results

Converged model accuracy

« Generative model pretraining— GPT2
o Training for GPT2 (base, medium, large) model on OpenWebText

Table 4. Results on machine translation, deit pretraining, GPT2 pretraining, and GLUE fine-tuning result based on the pretrained model.
FP refers to floating-point, SwitchBack refers to per-token quantization. "=’ means the model does not converge.

BASELINE OURS
MODEL #PARAMS(M) METRIC FP SWITCHBACK PER-TENSOR JETFIRE
TRANSFORMER-BASE 61 BLEU 26.49 26.46 26.04 26.49
DEIT-TINY 5 64.08 63.55 — 63.95
DEIT-SMALL 22 Torl Acc 73.43 72.80 — 73.31
DEIT-BASE 86 75.67 75.62 — 76.03
GPT2-BASE 124 2.9074 3.0796 3.1638 2.8597
GPT2-MEDIUM 350 VALID LOSS 2.6612 29141 3.1795 2.4195
GPT2-LARGE T74 2.5993 3.0512 29775 2.4696
GPT2-BASE 124 78.500.45 78.150.15 76.330 .94 78.180.3a
GPT2-MEDIUM 350 GLUE SCORE 82.00¢ 50 80.03p 15 79.19 29 81.60¢ 26
GPT2-LARGE T74 83.01p .24 78.740 .04 7H5.880 .35 82.944 .70
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Ablation Study

; 3 Triton/Torch for Different
CUDA kernel and Triton kernel block size Ouantization Block Sixe GEMM CUDA Performance
* Block size for Triton and CUDA kernels 1.8 I il R RET T
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Figure 6. Speed test of GELU and GEMM operator. (a) Triton
kernel speedup with different Triton block sizes.(b) GEMM CUDA
kernel speed with different CUDA block sizes.
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Il Operator and End-to-End Experiments

Linear layer & non-linear operator speedup

Time (ms)

Figure 8. Matrix Multiplication Speed test for Different Methods
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Il Operator and End-to-End Experiments

End-to-end speedup
* Show the end-to-end speedup for Jetfire method over PyTorch’s FP16

Table 6. Acceleration ratios for End-to-end comparison (SB refers
to SwitchBack basic version) on GPT2 model.

FORWARD BACKWARD OVERALL
HIDDEN SIZE  SB OurRs SB OURS SB OURS
4096 1.50 132 1.18 146 1.27 1.42
2048 1.53 1.29 1.24 141 1.32 1.37
1024 094 097 1.14 1.11 1.07 1.07
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IEl Conclusion

 Jetfire proves that full-pipeline INT8 pre-training can match FP
baselines without accuracy loss

« By storing activations, weights, and gradients in INTS8, it halves
computation, memory traffic, and GPU usage
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Limitation

 Multi-Head Attention remains in FP16 via the FlashAttention kernel, so
Jetfire is not a fully INT8 end-to-end pipeline

* The experiments lack INT4 Transformer[2] baselines

* The per-block quantization scale matrix is large, leading to increased
communication overhead for scale values.

* 4-bit per block quantization may not be accurately performed in a
Transformer.

[2] Xi, H., Li, C., Chen, J., & Zhu, J. (2023). Training transformers with 4-bit integers. Advances in Neural Information Processing
Systems, 36, 49146-49168.
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Il Appendix

Table 2. Meaning of Key Constants.
Bn/Bc/Bp  CUDA block size in MM
I'n/Tc/Tp  Number of CUDA blocks along each axis
B Quantization block size
Rn/Rc/Rp  Number of quantization blocks
in a CUDA block along each axis

Table 3. Time complexity of different operations in MM.

METHOD
OPERATION BASIC INTS SWITCHBACK OURS
MM BnBpC BnBpC BnBpC
16-B1T LOAD/STORE  (By + Bp)C + ByBp ~ 24:5¢ + B23C 4 By Bp
8-BIT LOAD/STORE - (Bn +Bp)C (BN + Bp)C'+ BNBp
DEQUANTIZE - BnBp BnBpTe
QUANTIZE - ByBc 4 BpBc BnBp




Il Appendix

Algorithm 2 INT8 Non-Linear Operator

Require: INT8 Matrix X € RV*C FP16 scale matrix Sx € RYNXLC  element-wise function f
I: Define Ty = [NW,TO = { ¢ W

By Bo
2: Define Ry = {B?N—‘ "Rc = [B?CW

3: for1 <1< Tn do
4. forl <;<7Tc do

5: Load INT8 block X;; € RPN *Pc Sy = e RFN*fe

6: Dequantize X;; and Sx, ; to get XE?I-) 32

7: Operate: Y52 = f(X}5)>%)

8: Quantize Yf}-’ 32 to get YET:”Z € RPN XBc and scale factor Sv,, € REN*EC
9: Save Y?}IT” and Sy, ; to global memory.

10:  end for

11: end for




