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Compression Strategies
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Quantization: Quick Recap

* Reduce the bits per weight, saving memory consumption
* Accelerate inference speed on supporting hardware
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8-bit Weight Quantization
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8-bit Activation Quantization
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Weight Ternarization
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Weight Binarization
-

@

X 3

m-o@om

i—J
FP32 weight matrix 1-bit quantization

f o . ™S 1.1| 2.2 0.1 |-0.1|-5.5|-6.6 1 1 1
I * Binarization (weight) I

W: weight matrix, FP32. ~ 14
I Q(W): Quantization mapping, 1-bit. I ~

With a= [[W|[;/n Scaling | -
‘ Q(W;;) = a - sign(W;;) l Factor a | .

A S S S s e s 1.1(2.1 10.1(-0.1| -4.8/-6.0 1 |1 1




Challenges to Quantize LLMs
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LLM.int8(): 8-bit Matrix Multiplication for Transformers at Scale, 2023



Challenges to Quantize LLMs

Activation Range of Each Token for Different Layers
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* High dynamic ranges of activation,
leading to large quantization errors
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Fine-grained Quantization

* Per-tensor quantization Jpertensor quant. ] per-tensor quant.
* Low accuracy A i : E
e Fast to quantize/dequantize B X |ix ¢ W
. T .(-.a...)- .i;-éi:_..lzé;;sor ql‘-la;‘ll-:-iz-;it-io.n ......................
* Per-token/channel quantization N Ay lXCl o
* High accuracy C l = =
 Slower to quantize/dequantize r X * e W '
e Custom kernels required

per-token quant. per-channel quafif.
(b) per-token + per-channel quantization

ZeroQuant: Efficient and Affordable Post-Training Quantization for Large-Scale
Transformers, NeurlPS 2022



Mixed Precision Quantization

* Weights follow Gaussian
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GOBO: Quantizing Attention-Based NLP Models for Low Latency and Energy
Efficient Inference, MICRO 2020
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Second Order Information

* Analyze the loss curvature (Hessian matrices) to help identify layer
sensitivity

(a) MNLI 4™ layer (b) MNLI 10" layer (c) CONLL-03 4™ layer (d) CoNLL-03 11" layer

GPTQ: Accurate Post-Training Quantization for Generative Pre-trained
Transformers, ICLR 2023 12



Outlier Smoothing
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(b) SmoothQuant

SmoothQuant: Accurate and Efficient Post-Training Quantization for Large
Language Models, ICML 2023

13



Quantization-Aware Training

Weigh r 4 Quantized Weight Q

(FP) Quantizer ‘ (INT)
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— Forward Pass
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01 | -01 0.1 | -0.1
P _ > Backward Pass
-0.2 | 0.2 -0.2 | 0.2
Gradient dL/dr Gradient dL/dQ
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EfficientQAT: Efficient Quantization-Aware Training for Large Language Models, 2024 1
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Sparsification
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Unstructured (connection) Sparsity: (o f o] 6 |
High accuracy HEBBEOED
No performance improvement or performance mEpoan
regression (2] HEOHD

Unstructured Sparsity

N:M Semi-Structured Sparsity:

High accuracy

High performance improvement

Structured Sparsity:

* Large accuracy degradation

SliceGPT: Compress Large Language Models by Deleting Rows and Columns, ICLR 2024

High performance scalability Semi-Structured Sparsity (4:2 N:M) Structured Sparsity (Column-

wise Sparsity)



Model Pruning
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Deja Vu: Contextual Sparsity for Efficient
LLMs at Inference Time, 2023

SparseGPT: Massive Language
Models Can be Accurately Pruned in
One-Shot, 2023
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Knowledge Distillation B I

Y ~ Qg Reverse KLD
Promptx — Student
P en £(8) = KL[ge|Ip]

VL(0) (Section 2.2)
MiniLLM (Ours)

MiniLLM: Knowledge distillation of large
language models, 2024
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Datalset Stage I: Training Task-aware Filters  Stage II: Task-aware Layer-wise Distillation
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Less is More: Task-aware Layer-wise Distillation
for Language Model Compression, 2024
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KV Cache Compression

i Eviction w. Global Statistic
(infeasible)

____________________________________________

Efficient Streaming Language Models with Attention

Sinks, ICL 2024

(a) Dense Attention (b) Window Attention
I |

Current Token
. W T EEM

+—— T cached tokens —» +T—L cvicfod > Lcaﬂh:ﬁd
tokens tokens

O(TL)v PPL: 5158X

Breaks when initial
tokens are evicted.

O(T?)x PPL: 5641X

Has poor efficiency and
performance on long text.

H20: Heavy-Hitter Oracle for Efficient
Generative Inference of Large Language

Models, 2023

(c¢) Sliding Window

w/ Re-computation (d) StreamingLLM (ours)

‘f'-__""-

Attention Sink

previous tokens m \ .
are truncated T 1

oL re-computed evicted L cached
tokens tokens tokens

O(TLHX PPL:543v O(TL)v PPL:540v

Has to re-compute cache
for each incoming token.

Can perform efficient and stable
language modeling on long texts.
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KV Cache Compression

LLaMA-7B Performance (3-bit)

10.87
| Per-Channel

o 10 oushtition GQA: Training Generalized Multi-Query Transformer
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KVQuant: Towards 10 Million Context Length LLM
Inference with KV Cache Quantization, 2024
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Speculative/Parallel Decoding

MEDUSA: Simple LLM Inference Acceleration
Framework with Multiple, 2024
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Early-Exit Inference

) S . Speculative Decoding via Early-exiting for
) . Faster LLM Inference with Thompson
ey Binerence Sampling Control Mechanism, 2024
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Early-exiting Layer ,
/ / /
280 N 720 N 7280 N 7 I S
k ) Flrst N Layers cepted drafttoken ﬁ‘é : frozen parameters, not traine
S 4 [j rejected draft token : LLM’s parameters
i i i T raft token generation process : trainable parameters
... enables inference with subset of layers ... and we can improve accuracy by verifying
with higher accuracy... and correcting with remaining layers : TS control proc — -+ : LLM verification process

LayerSkip: Enabling Early Exit Inference and
Self-Speculative Decoding, 2024



Efficient Fine-Tuning

Weight update in regular finetuning Weight update in LoRA

LoRA matrices A and B
approximate the weight / \
update matrix AW -+

Pretrained

weights ITL-# The inner dimension r
is a hyperparameter

Pretrained
weights

LoRA: Low-Rank Adaptation of Large Language Models, 2021

QLoRA: Efficient Finetuning of Quantized LLMs, 2024
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Mixture-of-Expert Models are Sparse and
Need Less Compute

Switch Transformers: Scaling to Trillion Parameter Models with Simple
and Efficient Sparsity, 2021
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Sparsely-Gated Mixture-of-Experts Layer, 2017
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Mamba — Linear Time Sequence Model

Selective State Space Model
with Hardware-aware State Expansion
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Mamba: Linear-Time Sequence Modeling with Selective State Spaces, 2024
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